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Abstract 
 
Cognitive neuroimaging is a linking discipline that uses functional magnetic resonance 
imaging (fMRI) to connect the cognitive processes studied by psychology with the 
biological structures studied by neuroscience. What connections have been made so 
far, and how can the discipline advance its integrative goal? By mapping relations 
between neuroanatomical and psychological terms in the literature, we visualize the 
semantic structure of cognitive neuroimaging and point to new directions that should be 
pursued to most efficiently build new links.  
 
Taking the text of articles as its data and mining for links between terms of interest, 
network text analysis integrates textual relationships across the literature into a 
semantic structure that is representative of the discipline. Our text corpus was 
comprised of abstracts from 1,127 studies that used fMRI to investigate human 
cognition, published between January 2008 and June 2010 in five major neuroscience 
journals. Links were drawn from the co-occurrence of two terms within a six-word 
window moving from left to right across each abstract. By compiling links between two 
distinct classes of terms, three networks were generated:  Functional (links between 
psychology and anatomy terms), Psychological (psychology terms only), Anatomical 
(anatomy terms only).  
 
Each of the networks was characterized by a distinctive positive structure (i.e., 
organization scheme) and negative structure (i.e., disconnections). Analyzing the 
positive and negative structures revealed anomalies that we recommend as targets for 
future research. First, understudied terms of the negative structure were identified by 
comparing the centrality of terms in the network to their frequency in the texts. Second, 
similarity analyses of the positive structure uncovered aggregates of terms whose 
meanings overlap due to terminological imprecision and redundancy in language across 
subfields. Collectively, these results give cognitive neuroscientists the foresight to steer 
their research toward topics whose further study will close gaps in the literature and 
increase correspondence between the semantic structure of cognitive neuroimaging and 
the natural phenomena it investigates. 
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Introduction 
 
Despite its relative youth as a discipline, cognitive neuroimaging gives rise to a vast 
number of studies each year. In a 30-month period from 2008 to 2010, the five leading 
neuroscience journals published over a thousand studies that used fMRI to study 
human cognition. The large and increasing size of the literature poses a unique problem 
for modern researchers. While it would have been possible 20 years ago for a budding 
cognitive neuroscientist to read the entire body of literature, it is now scarcely feasible 
for one to skim the articles relevant to a single specialty. This makes further 
specialization efficient in the short term, but in the long term, will lead to oversights, 
impasses in problem solving, and poor integration across the discipline.  
 
These problems can be overcome by using meta-analytic tools to synthesize the big 
data of cognitive neuroimaging. Indeed, several such tools have already been 
successfully applied, establishing two distinct approaches to meta-analysis. While some 
have taken the results of neuroimaging experiments as their data, others have analyzed 
the literature expressing those results. The former, building on traditional strategies for 
data aggregation, have summed brain activation coordinates across pools of 
neuroimaging studies (Van Essen, 2009; Nielsen, 2009; Yarkoni et al., 2010). The latter, 
borrowing methods from information science, have performed statistical analyses of 
bibliometrics and co-citation patterns across sections of the research literature (Bruer, 
2004; Burright et al., 2005; Robins et al., 1999; Bruer, 2010). More recently, ontological 
meta-analyses have begun to formally characterize the entities and interrelations that 
exist in the knowledge of cognitive neuroscience (Poldrack, 2011; Poldrack, 2010). 
 
Where data- and text-based methods meet, network text analysis synthesizes the 
semantic information that is embedded in the research literature. It achieves this by 
locating term co-occurrences throughout the text of articles, mapping those co-
occurrences as links in a network, and providing a birdʼs-eye view of the “semantic 
structure” of the field. This semantic structure is the ontology of cognitive neuroimaging 
as it is expressed by the literature. To capture the interdisciplinary aim of cognitive 
neuroimaging, the terms linked by the present network analysis are drawn from two 
semantic classes:  neuroanatomical structures (e.g., amygdala) and psychological 
processes (e.g., fear). Projecting relational information about these terms onto a 
semantic structure, the network analytic approach yields a fresh and particularly 
illuminating perspective on the field of cognitive neuroimaging.  
 
Network text analysis has both practical and analytic advantages compared to other 
tools for synthesizing the results of cognitive neuroimaging. First, it leverages the 
accessibility of articles published online, avoiding the difficulty of compiling primary data 
from a multitude of researchers who may be more or less obliging. More important, the 
resulting semantic structure shows how knowledge is organized in the minds of 
cognitive neuroscientists, as they refer to it in the discourse of cognitive neuroscience. 
This is the superordinate conceptual level on which results are interpreted and new 
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hypotheses are conceived. Finally, by mapping links between terms from neuroanatomy 
and psychology, the foundations of cognitive neuroimaging, our network analysis 
provides insights that are of special relevance to this interdisciplinary field. Links within 
each semantic class bring to light the substructural organization of the neuroanatomical 
and psychological underpinnings of the field, while the bimodal semantic structure of 
links between the two classes reveals the status quo of progress towards a unified 
understanding of relationships between brain structure and function.  
 
In addition to harnessing the massive research literature, network text analysis 
overcomes another problem facing cognitive neuroscientists who seek to develop 
conceptual models for fMRI results. Despite their best efforts at objectivity, researchers 
are subject to multiple forms of bias. These biases subtly misguide the design and 
interpretation of experiments, over time leading to significant mismatches between the 
real and perceived functioning of the brain. In the semantic structure, these mismatches 
may take the form of links (or missing links) that incorrectly represent (or fail to 
represent) connections between brain structure and function. The formal study of 
anomalies in the semantic structure can reveal where cognitive neuroimaging has been 
affected by these biases, including areas where the influence of biases might have 
otherwise gone undetected and been perpetuated in future research. 
 
The biases of the research community take several stereotyped forms, including: 
imprecision, confirmation, reification, and specialization. In the literature, the most 
readily apparent form of bias derives from imprecision in terminology. This applies both 
to terms for cognitive processes (e.g., the wavering line between definitions for working 
memory and cognitive control) and to terms for brain structures (e.g., the varying 
anatomical boundaries of the anterior cingulate cortex). Because language is the 
foundation for any scientific ontology, there cannot be a reliable conceptual model for a 
natural phenomenon without a reliable correspondence between terms and their 
meanings. Bias also arises from the confirmation and reification of previous findings. 
Confirmation bias is the tendency to favor results that support prior beliefs; reification 
bias is the perseverative use of old and familiar labels to describe new findings. Finally, 
an increasing form of bias derives from the fractionation of the field into more 
specialized subfields (e.g., neuroeconomics and neurolinguistics). These subfields may 
study the same phenomenon from different perspectives, leading to multiple conflicting 
interpretations of a single functional link.  
 
From the high and wide view that network text analysis provides, the organizational 
principles of cognitive neuroimaging become evident—along with anomalies that flag 
the influence of biases on the research community. It is useful to classify these 
anomalies by the structural features from which they deviate. First, the structure that 
emerges from links between terms is what we call the “positive structure.” This is the 
ontology that is expressed by the research literature and that is intended to match the 
natural phenomena investigated by cognitive neuroimaging. Second, the structure that 
exists where links do not is what we refer to as the “negative structure.” This structure 
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should track relationships that are known not to occur in the world, as opposed to 
semantic links that have been broken or that have not yet been built. 
 
Anomalies of the positive structure include two types of redundancies, each of which 
derives from a different source of bias. Redundancies are created by semantic 
synonyms, terms with overlapping patterns of connections in a network. They may 
result either from imprecision in terminology, or if two subfields employ different terms to 
describe the same phenomena, from specialization bias. Anomalies of the negative 
structure include gaps and islands, two different forms of structural disconnection. 
Terms that are more centrally located in the network than they are frequent in the 
literature indicate gaps, topics that have been understudied relative to their semantic 
importance. These terms may have been overlooked due to confirmation and reification 
biases, both of which cause researchers to attend to old connections and consequently 
overlook or fail to seek new connections. Finally, islands are clusters of terms with 
internal connections that are stronger than their connections to the rest of the network. 
These anomalies of the negative structure represent subfields that have drifted away 
from the discipline due to the increasing specialization of research programs. 
 
Applying network text analysis to cognitive neuroimaging, we turn the big data of the 
literature into a readily interpretable semantic map. From the network visualizations, we 
gain the perspective to see the structural principles that guide the organization of results 
throughout the literature. Furthermore, we point to anomalies in the network as signs of 
bias—important targets for research aimed at creating more accurate semantic models 
for brain structure and function. The results of these network text analyses will give 
cognitive neuroscientists the foresight to steer their research toward topics requiring 
further study or better integration, speeding the pace of progress in the field. 
 
 
Methods * 
 
Assembling the Corpus 
 
We sought a representative sample of articles in the field of cognitive neuroimaging. For 
this purpose, we collected every article published between January 1, 2008 and June 30, 
2010 in five leading journals: Nature Neuroscience, Neuron, Journal of Cognitive 
Neuroscience, NeuroImage, and Journal of Neuroscience. The raw corpus contained 
7,675 studies, which we individually assessed for adherence to the following conditions 
for inclusion:  
 

A. Use of fMRI for primary data collection. 
B. Aim to understand links between structure and function of the human brain. 
C. Report of empirical data collected for the given article. 
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The rationale for each criterion is discussed below. After discarding articles that did not 
meet these standards, the corpus was narrowed to 1,127 studies. The text of the corpus 
consisted of the title and abstract of each accepted article.  
 
Criterion A. By restricting our analysis to studies that employed a common 
neuroimaging method, we minimized differences in terminology and rhetoric. Functional 
MRI was selected because of its popularity: it was the most widely used human 
neuroimaging technique in the unfiltered pool of studies (employed by 1,359 before 
applying the second criterion). In comparison, all other techniques combined were less 
than half as frequent: EEG (346), PET (120), and TMS (109). In the case that a study 
made use of more than one technique, it was accepted only if its empirical conclusions 
depended directly on fMRI data. Hence, while synchronous EEG-fMRI studies were 
included, fMRI-guided TMS studies were not. We note that fMRI is used for investigation 
of practically all concepts in cognitive neuroscience, making its studies a good proxy for 
the larger literature.  
 
Criterion B. The second criterion ensured that our studies were clearly within 
cognitive neuroscience, as commonly defined. We excluded methodological studies, 
such as those that sought to advance fMRI technology, to develop tasks for fMRI 
experiments, or to characterize the fMRI hemodynamic response. Studies that used 
fMRI for atlas generation were likewise discarded, as they did not aim to correlate brain 
anatomy with function. Animal studies were not included due to the incongruences 
between humans and animals in brain organization and behavioral repertoire. 
 
Criterion C. Finally, we limited the corpus to empirical articles presenting new fMRI 
data. This restriction minimized bias from articles reinterpreting or reanalyzing former 
results. Meta-analyses and review articles were omitted, as were studies that applied 
novel statistical or computational models to previously published data. 
 
 
Classifying Terms 
 
Two semantic categories were defined for anatomy and concept terms. Anatomy terms 
referred to one of the following: 
 

1. A brain structure (e.g., hippocampus). 
2. A functionally defined region (e.g., fusiform face area). 

 
Concept terms included terms that have their origins in psychology, as well as terms 
from the ontology and paradigms of cognitive neuroscience. They belonged to one of 
the following categories: 
 

1. A domain of cognitive neuroscience (e.g., memory). 
2. A process within a domain (e.g., working memory). 
3. A stimulus property (e.g., face or risk). 
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A list of all unique words (15,127) in the corpus of abstracts and titles was generated 
and sorted by frequency, and the 100 most frequent anatomical and concept terms were 
identified (Tables 1 and 2). The terms used to generate the networks were the most 
frequent word forms to appear in the text after preprocessing. The final judgment of term 
appropriateness for the two lists was made by two expert raters (authors LGA and SAH) 
who evaluated every candidate term. 
 
 
Preprocessing the Texts 
 
The corpus of abstracts and titles was preprocessed in Automap (Carley, 2010) to 
normalize for variants of anatomy and concept terms. Grammatical normalization 
involved matching each word against a thesaurus that contained the terms of interest, 
including a single general form of the word and the grammatical variant forms that 
appeared in the texts (Diesner & Carley, 2004). The process for normalizing phrases 
was similar, except that word pairs in the text were compared to a thesaurus of word 
pairs, and spaces between words were replaced by underscores so that the phrase 
could regarded as a single term in later computations. Ultimately, the multiple term 
variants were converted to a single generalization so that each term could then be 
represented by a single node in the network. Because standard thesauri do not cover 
neuroanatomical terms, nor the jargon of cognitive neuroimaging, we authored custom 
thesauri.  
 
First, a bigram thesaurus was created to collapse word pairs to single words. This 
involved generating a frequency-sorted semantic list, identifying anatomy or concept 
word pairs that appeared at a higher frequency than the 100th most frequent anatomy or 
concept term, and creating a list of the word pairs and the consolidated terms. The 
process was iterated for phrases containing more than two words. For example, primary 
somatosensory was converted to primary_somatosensory, and then 
primary_somatosensory cortex became primary_somatosensory_cortex. Adjustments 
were made to the top 100 lists of anatomy and concept terms after the bigram thesaurus 
was applied in order to accommodate phrases that appeared at higher frequencies than 
the initially identified one-word terms.  
 
Second, a generalization thesaurus was created to normalize for plurals, acronyms, and 
hyphenated compounds. All instances of plurals were normalized, but the remaining 
entries in the bigram and generalization thesauri were created only for variants that 
appeared at a higher frequency than the 100th anatomy or concept term. The lowest 
frequency threshold was imposed to limit manual searching for variants in the 15,127-
word frequency list.  
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Table 1. Concept terms, frequencies, and centralities.  
The top 100 concept terms used to generate the meta-network. Terms are sorted by descending 
frequency and listed with betweenness centrality values that describe their positions in the 
Psychological and Functional Networks, respectively.  

 
Rank Term Frequency 

Psychological 
Betweenness 

Functional  
Betweenness 

1 vision 637 0.0209 0.0541 
2 memory 556 0.0196 0.0211 
3 behavior 497 0.0705 0.0224 
4 information 490 0.0129 0.0269 
5 attention 488 0.0116 0.0308 
6 representation 450 0.0272 0.0448 
7 control 449 0.0455 0.0309 
8 object 442 0.0083 0.0215 
9 perception 439 0.0182 0.026 
10 cognition 434 0.0525 0.0191 
11 observation 422 0.0217 0.0933 
12 learning 420 0.0523 0.024 
13 emotion 409 0.0536 0.0297 
14 action 365 0.0224 0.019 
15 motor 344 0.0074 0.0398 
16 face 342 0.022 0.0113 
17 word 339 0.0404 0.005 
18 reward 319 0.0164 0.0067 
19 selection 312 0.0515 0.0439 
20 movement 282 0.0318 0.0064 
21 language 263 0.0095 0.0049 
22 semantic 261 0.0103 0.0079 
23 prediction 257 0.024 0.0362 
24 auditory 252 0.0208 0.0117 
25 spatial 250 0.0431 0.007 
26 retrieval 247 0.0083 0.0145 
27 speech 240 0.0119 0.0047 
28 target 240 0.0078 0.0099 
29 social 230 0.0076 0.0048 
30 working_memory 228 0.0177 0.0134 
31 pain 217 0.0173 0.0046 
32 novelty 208 0.0127 0.0016 
33 inhibition 204 0.0285 0.0109 
34 sensory 200 0.0221 0.0082 
35 decision 192 0.0152 0.01 
36 encoding 190 0.0219 0.0043 
37 error 181 0.0204 0.0148 
38 recognition 181 0.043 0.0124 
39 sensitivity 178 0.0276 0.0091 
40 image 170 0.0193 0.0037 
41 outcome 153 0.0273 0.0042 
42 risk 149 0.0026 0.002 
43 category 147 0.0119 0.0024 
44 adaptation 143 0.0237 0.0103 
45 judgment 139 0.017 0.0011 
46 mental 138 0.0201 0.0051 
47 sentence 137 0.0097 0.0022 
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48 choice 125 0.0197 0.0061 
49 shape 122 0.0174 0.0007 
50 motion 118 0.0083 0.0066 
51 decision_making 112 0.0122 0.0056 
52 feedback 111 0.0205 0.0032 
53 repetition 110 0.0074 0.007 
54 active 108 0.0115 0 
55 episodic 106 0.0126 0.003 
56 reading 106 0.0159 0.0003 
57 understanding 105 0.0045 0.0038 
58 verbal 101 0.0116 0.0011 
59 ability 99 0.0228 0.0004 
60 sequence 99 0.0144 0.0012 
61 sound 95 0.0009 0.0001 
62 monitoring 94 0.0294 0.0022 
63 fear 93 0.003 0.0025 
64 scene 93 0.0068 0.0035 
65 schizophrenia 93 0.0146 0.0001 
66 top-down 91 0.0067 0.0127 
67 detection 90 0.0124 0.0089 
68 organization 90 0.0093 0.0062 
69 affective 83 0.025 0.0019 
70 discrimination 83 0.036 0.0022 
71 phonological 83 0.0024 0.0012 
72 knowledge 80 0.0153 0.0017 
73 resting 78 0.0045 0.0028 
74 sensorimotor 77 0.0052 0.0051 
75 suppression 76 0.0177 0.0034 
76 priming 73 0.0256 0.0005 
77 future 71 0.0028 0.0018 
78 executive 69 0.0068 0.0038 
79 development 67 0.0056 0.0002 
80 thought 66 0.0172 0.0012 
81 training 66 0.0029 0.0024 
82 interest 64 0.024 0.0065 
83 difficulty 62 0.0111 0.0004 
84 load 62 0.008 0.0036 
85 anticipation 61 0 0.0011 
86 interference 61 0.0385 0.0003 
87 somatosensory 61 0.0066 0.0116 
88 spontaneous 60 0.0074 0.0006 
89 anxiety 59 0.0002 0.0005 
90 self 59 0.0044 0.0001 
91 acquisition 58 0.0014 0.0002 
92 recruitment 58 0.0043 0.0019 
93 identification 55 0.0133 0.002 
94 competition 54 0.0137 0.0008 
95 resting-state 54 0.013 0.0001 
96 lexical 52 0.0011 0.0006 
97 simultaneous 52 0 0.0002 
98 maintenance 51 0.0064 0.0011 
99 execution 50 0.0012 0.0002 
100 moral 50 0.0025 0.0005 
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Table 1. Anatomy terms, frequencies, and centralities.  
The top 100 anatomy terms used in the generation of the meta-network. Terms are sorted by 
frequency and listed with the betweenness centrality values that describe their positions in the 
Anatomical and Functional Networks, respectively. Acronym labels used for visualizing the 
terms as nodes in the networks are indicated in parenthesis, where applicable. 

 
Rank Term Frequency 

Anatomical 
Betweenness 

Functional 
Betweenness 

1 prefrontal_cortex (PFC) 356 0.0618 0.0923 
2 amygdala 329 0.0432 0.087 
3 anterior_cingulate_cortex (ACC) 272 0.0401 0.0456 
4 hippocampus 269 0.039 0.059 
5 parietal_cortex 227 0.0357 0.0705 
6 visual_cortex 177 0.0087 0.0553 
7 intraparietal_sulcus 152 0.0291 0.0227 
8 medial_prefrontal_cortex (mPFC) 138 0.0168 0.0211 
9 insula 131 0.0839 0.0225 
10 cerebellum 129 0.0614 0.0126 
11 inferior_frontal_gyrus 128 0.033 0.0242 
12 frontal 127 0.0683 0.0253 
13 primary_visual_cortex (V1) 121 0.0132 0.0103 
14 medial_temporal_lobe (MTL) 112 0.0134 0.0142 
15 thalamus 101 0.1058 0.0115 
16 dorsolateral_prefrontal_cortex (dlPFC) 97 0.0834 0.0199 
17 precuneus 93 0.0684 0.0033 
18 striatum 91 0.0074 0.0196 
19 premotor_cortex 90 0.078 0.0153 
20 orbitofrontal_cortex (OFC) 89 0.0197 0.0108 
21 superior_temporal_sulcus 88 0.0199 0.0156 
22 occipital_cortex 87 0.0776 0.0119 
23 supplementary_motor_area (SMA) 84 0.0494 0.0024 
24 temporoparietal_junction (TPJ) 81 0.0197 0.0106 
25 posterior_parietal_cortex 80 0.0004 0.0076 
26 basal_ganglia 79 0.0031 0.0036 
27 inferior_parietal_lobule 79 0.0327 0.0093 
28 superior_temporal_gyrus 79 0.0183 0.0096 
29 posterior_cingulate_cortex 75 0.0223 0.0013 
30 frontal_cortex 73 0.0893 0.0267 
31 primary_motor_cortex (M1) 73 0.0002 0.0022 
32 primary_somatosensory_cortex (S1) 72 0.0112 0.0035 
33 frontoparietal_cortex 67 0.0765 0.0202 
34 subcortical 65 0.0131 0.0034 
35 putamen 64 0.0459 0.0043 
36 ventromedial_prefrontal_cortex (vmPFC) 64 0.0039 0.0049 
37 auditory_cortex 63 0.0077 0.0096 
38 left_inferior_frontal_gyrus (LIFG) 55 0.0022 0.014 
39 ventrolateral_prefrontal_cortex (vlPFC) 53 0 0.004 
40 middle_temporal_area (MTA) 51 0.022 0.0032 
41 ventral_striatum 50 0.0124 0.0045 
42 fusiform_gyrus 49 0.034 0.0047 
43 parahippocampus 49 0.0132 0.0022 
44 temporal_cortex 49 0.0221 0.0103 
45 fusiform 47 0.0188 0.0025 
46 nucleus_accumbens 47 0 0.0014 



Beam 11 

47 anterior_insula 45 0.0304 0.0015 
48 frontal_eye_field (FEF) 44 0.0034 0.0044 
49 inferior_parietal_cortex 44 0.0107 0.0055 
50 middle_temporal_gyrus 43 0.0023 0.0054 
51 dorsal_anterior_cingulate_cortex (dACC) 42 0.0012 0.0026 
52 midbrain 41 0.0012 0.0021 
53 limbic_system 40 0.0071 0.0058 
54 mirror_neuron_system 40 0 0.0032 
55 caudate 39 0.0368 0.0011 
56 brainstem 38 0.0011 0.0008 
57 motor_cortex 37 0.0046 0.0035 
58 secondary_somatosensory_cortex (S2) 36 0.0037 0.0008 
59 visual_area_3 (V3) 36 0.0086 0.0006 
60 cingulate 35 0.0084 0.0064 
61 cingulate_cortex 33 0.0298 0.0059 
62 dorsal_premotor_cortex 33 0.0193 0.0004 
63 fusiform_face_area (FFA) 33 0.0023 0.0019 
64 dorsomedial_prefrontal_cortex (dmPFC) 32 0.0029 0.0017 
65 extrastriate 32 0.0084 0.0058 
66 angular_gyrus 31 0.0011 0.0003 
67 brocas_area 30 0.0071 0.0074 
68 middle_frontal_gyrus 28 0.006 0 
69 parahippocampal_place_area (PPA) 27 0.0053 0.0017 
70 posterior_superior_temporal_sulcus 27 0 0.0008 
71 somatosensory_cortex 27 0 0.0008 
72 visual_area_5 (V5) 27 0.0107 0.001 
73 lateral_prefrontal_cortex (lPFC) 26 0.0361 0.0088 
74 left_inferior_parietal_cortex 26 0.0097 0.0005 
75 periaqueductal_gray 24 0.0002 0.0002 
76 temporal_gyrus 24 0.0164 0.0023 
77 pre-supplementary_motor_area (pre-SMA) 23 0.0639 0.0008 
78 secondary_visual_area (V2) 23 0 0.0002 
79 caudate_nucleus 22 0.0165 0.0054 
80 extrastriate_body_area (EBA) 22 0.001 0.0001 
81 visual_area_4 (V4) 21 0.0001 0.0006 
82 early_visual_cortex 20 0.0001 0.001 
83 inferior_temporal_cortex 20 0.0191 0.002 
84 right_inferior_frontal_gyrus (RIFG) 20 0.0143 0.0014 
85 occipitotemporal_cortex 19 0.0206 0.0025 
86 superior_frontal_gyrus 19 0.0045 0.0004 
87 visual_system 19 0 0.0016 
88 corpus_callosum 18 0 0.0002 
89 hypothalamus 18 0 0.0013 
90 parahippocampal_gyrus 18 0.0188 0.0001 
91 perirhinal_cortex 18 0 0.0029 
92 supramarginal_gyrus 18 0.0051 0.0004 
93 lateral_parietal_cortex 17 0.0002 0.0002 
94 rostrolateral_prefrontal_cortex (rlPFC) 17 0 0.0006 
95 superior_parietal_lobule 17 0.0085 0.0002 
96 precentral_gyrus 16 0.0388 0.0001 
97 ventral_premotor_cortex 16 0.0009 0.0001 
98 heschls_gyrus 15 0 0 
99 posterior_insula 15 0.0022 0.0002 
100 temporal_sulcus 15 0.0101 0 
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Generating the Networks 
 
Automap software (Carley, 2010) was used to generate a meta-network comprised of 
links within and between the anatomy and concept node classes. The Conceptual, 
Anatomical, and Functional Networks are substructures within this meta-network. A link 
was identified as the co-occurrence of two terms within a moving window of six adjacent 
words that appeared in the same sentence. The selection of these parameters was 
based on previous text analytic studies (Diesner & Carley, 2004) and supported by an 
additional systematic analysis. To ensure that the network structure was robust against 
window size manipulations, networks were generated across a range of the window size 
parameter. Figure 1 shows that mean betweenness (a positional property of each node 
in a network) does not vary with window size for windows greater than four words in 
length. Thus, a network derived from a moving window of six words possesses a 
structure that is maintained across small manipulations of the window size parameter. 
 

 
 
 

Figure 1. Mean betweenness centrality and window size. 
Mean betweenness centrality across a range of window size parameters. For the Functional, 
Psychological, and Anatomical Networks, mean betweenness centrality remains consistent for 
windows greater than or equal to five words. This supports the choice of a 6-word window for 
our network text analysis. 
 
 
Links were directed from the first to the second term in the window, reading from left to 
right across the text. Link weights were calculated from the sum of these co-
occurrences for each pair of terms throughout the corpus. Compiling all weighted links 
within and between the two semantic classes of terms, we constructed the three 
networks:  Psychological (links among concept terms), Anatomical (links among 
anatomy terms), and Functional (links among concept and anatomy terms). To create 
the bidirectional Functional Network, we combined two unidirectional networks 
containing links from anatomy to concept terms and from concept to anatomy terms.  
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Visualizing the Networks 
 
The networks were visualized using Organization Risk Analyzer (ORA) software (Carley, 
2010). Visual features of the networks were adjusted to encode information about their 
semantic properties. Nodes were sized in proportion to frequency and colored according 
to membership in the anatomy or concept node class. The relative thickness of lines 
was scaled to link weight. Arrowheads were added to indicate link directionality (i.e., 
relative left or right position in the window moving through the text). Titles were assigned 
to nodes on the visualization after capitalizing terms and separating consolidated 
phrases into single words. 
 
Several visualization parameters were adjusted to ease interpretability of the networks. 
In order to limit the visualization to the top 50 nodes with the strongest connections, the 
threshold for link weight was increased and islands were hidden until only 50 nodes 
remained. In the case of the Functional Network, because there were not 50 nodes at 
the same weighting level, 54 nodes were retained. A hyperbolic magnification was 
applied to expand the center of each network. The positions of some nodes were 
manually adjusted within a small radius to minimize overlapping of links and node titles. 
Islands of more than one node that exceeded threshold and were isolated from the main 
network were repositioned to improve the visual layout, while still maintaining the local 
network structure of the island.  
 
 
Identifying Anomalies in the Networks 
 
(A) Density Measures 
 
To make comparisons on the network level, density was calculated for each of the 
Psychological, Anatomical, and Functional Networks. Density is the ratio of the number 
of links to the maximum possible number of links. This measure reflects how well 
information can flow through the communication pathways of a network. In an ideal 
network with a density of 1.00, all possible links would exist to relay information 
throughout the network. By contrast, networks that contain many missing links will have 
relatively low density statistics.  
 
 
(B) Centrality Measures 
 
Quantitative analysis of the networks was conducted through ORA software. Measures 
were computed for all nodes, including nodes below the threshold for visualization. 
Because the Functional Network is comprised of two bimodal networks, measures were 
calculated independently for the anatomy terms linked to concept terms and for the 
concept terms linked to anatomy terms. Node-level measures of centrality were 
calculated for total degree and betweenness (Freeman, 1977; Carley & Reminga, 2004). 
The formulae for these node-level measures are shown in Table 3. Total degree 
centrality is a count of the total number of links a node has with other nodes, or the 
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degree to which it is centrally positioned in the network. Betweenness centrality tracks 
how often a node lies on the shortest path between any two nodes in the network, 
reflecting both its load and its importance in the network. 
 
In order to identify terms that play special roles in the network and the literature, we 
compared betweenness centrality to total degree centrality. A term that has high 
betweenness holds a position of power in the network, controlling the flow of information 
to disparate regions. Losing its connections would cause regions throughout the 
network to become disconnected. Conversely, a term that has high total degree 
centrality is prominent in the literature. That is, it appears throughout the text with a 
large number of other terms. We found that total degree centrality was correlated with 
frequency (R2 = 0.89 for the Conceptual Network, R2 = 0.75 for the Anatomical Network; 
R2 = 0.67 and 0.89 for the concept and anatomy nodes of the Functional Network, 
respectively). Due to this correlation, and in order to ease interpretability, frequency was 
used as a proxy for total degree centrality. Frequency is the number of times that a term 
appeared in the corpus of abstracts and titles.  
 
The plots show that while betweenness centrality tends to be proportional to frequency, 
there are two types of outliers that identify key nodes of interest. First, outliers with low 
frequency but high betweenness are understudied terms that are more important to the 
network than they are to the literature. Conversely, nodes with high frequency but low 
betweenness have redundant connections that render them less important to the 
network than would be expected by their frequency in the texts. 
 
 
Table 3. Formulae for total degree and betweenness centrality. 
Total degree and betweenness centrality were calculated for each node in the networks. Total 
degree centrality measures the total number of links a node has with other nodes. Betweenness 
centrality measures how often a node lies on the shortest path between any two nodes. 
 
Measure Formula 
Total Degree Let 𝐺 = (𝑉,𝐸) be the graph representation of a square network and fix a node 𝑣 ∈ 𝑉. Let 

𝑑𝑒𝑔 = 𝑐𝑎𝑟𝑑 𝑢 ∈ 𝑉    𝑣, 𝑢 ∈ 𝐸 ∨ (𝑢, 𝑣) ∈ 𝐸}. 
 

Total degree centrality of node 𝑣 = !"#
! × ( ! !!)

. 
 

 
Betweenness  Let 𝐺 = (𝑉,𝐸) be the graph representation of a square network and fix a node 𝑣 ∈ 𝑉. Let 

𝑛 = |𝑉|.  Let 𝑑!(𝑣, 𝑖) be  the  length  of  the  shortest  path  between  nodes 𝑣  and 𝑖 .  For 
(𝑢,𝑤) ∈ 𝑉×𝑉,  let 𝑛!(𝑢,𝑤) be  the  number  of  geodesics  in 𝐺 from 𝑢 to 𝑤.  If (𝑢,𝑤) ∈ 𝐸, 
then set 𝑛! 𝑢,𝑤 = 1. 
 
Define the following: 

Let 𝑆 = 𝑢,𝑤 ∈ 𝑉×𝑉   𝑑! 𝑢,𝑤 =  𝑑! 𝑢, 𝑣 +  𝑑!(𝑣,𝑤)}. 
Let 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 =   (𝑛!(𝑢, 𝑣)×𝑛!!,! ∈! (𝑣,𝑤)) !! !,! × !!(!,!)

!!(!,!)
. 

 

Betweenness centrality of a node 𝑣 =   !"#$""%
(!!!)(!!!)/!

. 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(C) Similarity Measures 
 
Structural similarity analyses were conducted for the Conceptual, Anatomical, and 
Functional Networks to show shared links between nodes. First, adjacency matrices of 
link weights between concept by concept, anatomy by anatomy, and concept by 
anatomy nodes were extracted from the networks. Structural similarity was then 
computed in MatLab by calculating the correlation coefficient between each row. The 
structural similarity of each term was quantified by summing its correlation coefficients. 
These similarity measures were also used to create second-order networks that were 
visualized in UCINET (Borgatti, Everett, & Freeman, 2002) and thresholded by link 
weight to show the top 20 most strongly connected nodes.   
 
Strong connections between nodes in the second-order similarity networks indicate 
terms that are structural synonyms, performing similar roles in the network. In the 
literature, these terms are semantic synonyms used interchangeably across contexts. 
Identifying structural synonymy is important because it points to aspects of the literature 
that deserve further refinement, either through the creation of new super-ordinate 
categories or through the purging of unneeded synonyms. 
 
 
Results * 
 
Applying network analytic techniques led to the construction of three networks (Figures 
2A, 3A, and 4A). These are the Conceptual Network, reflecting connections between 
concept terms (e.g., memory to representation); the Anatomical Network, reflecting 
connections between brain structures (e.g., prefrontal cortex to hippocampus); and the 
Functional Network, reflecting connections between concept terms and brain structures 
(e.g., amygdala to emotion). The three networks provide distinct insights into how the 
field of cognitive neuroscience semantically links cognitive concepts, brain structures, 
and their functional relations.  
 
We describe the qualitative organization of each network to characterize how current 
research organizes its findings. Then, we evaluate the network-level density statistics 
and the node-level relationships between centrality and frequency (Figures 2B, 3B, and 
4B). Discordances between the centrality of terms in the network and their frequency in 
the literature may indicate topics for which future research could have a disproportionate 
impact. Lastly, we identify terms that occupy similar places within a given network and 
thus would benefit from theoretical differentiation (Figures 2C, 3C, and 4C). 
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Figure 2A. Psychological Network visualization.  
Network visualization representing the psychological underpinnings of cognitive neuroscience. 
The top 50 strongest linked terms as determined by a link weighting threshold (>51). Term 
frequency is indicated by the diameter of each node. Link weight is indicated by line width and 
directionality is shown by the arrows. Density = 0.28. 
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Figure 2B. Psychological Network centrality measures.  
Plot of betweenness centrality versus frequency for the 50 concept terms visualized. Note the 
high-betweenness terms localized to the upper right (e.g., emotion, cognition, and learning), 
which refer to concepts that span the domains of cognitive neuroscience. Conversely, low-
betweennes terms of the lower right (e.g., perception, attention, memory, and attention) name 
several of the domains within the field. 
 

Action

Anticipation

Attention

Auditory

Category

Cognition

Control

Detection

Emotion

Encoding

Episodic

Error

Executive

Face

Future

Information

Inhibition

Learning

Load

Memory

Motion
Motor

Movement

Novelty

Object

Observation

Perception

Prediction
Priming

Recognition

Repetition

Representation

Retrieval

Reward

Risk

Selection

Semantic

Sensory

Sequence




    Shape

Social

Spatial

Speech

Suppression

TargetTop-Down

Verbal

Vision

Word

Working Memory

0

0.01

0.02

0.03

0.04

0.05

0 100 200 300 400 500 600

Be
tw

ee
nn

es
s

Frequency



Beam 18 

 
 
 
 
 
 
 
 
 

 
 
 
Figure 2C. Psychological Network similarity projection. 
Map of structural similarity for the Psychological Network. Shown are the top 21 concept nodes 
of the second-order Psychological Network, thresholded by link weight (>0.70). Link terms 
occupy similar places in the network and therefore represent semantic synonyms. 
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Figure 3A. Anatomical Network visualization.  
Network visualization representing the anatomical underpinnings of the cognitive neuroscience 
field. The top 50 strongest linked terms as determined by a link weighting threshold (>21). 
Density = 0.13. 
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Figure 3A. Anatomical Network centrality measures.  
Plot of betweenness centrality versus frequency for the 50 anatomical terms visualized. Note the 
high-betweenness, low-frequency outliers thalamus and insula, terms that are understudied 
relative to their importance in the Anatomical Network. 
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Figure 3C. Anatomical Network similarity projection. 
Map of structural similarity for the Anatomical Network. The top 20 anatomy nodes thresholded 
by link weight (>0.73) are displayed for the second-order Anatomical Network. 
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Figure 4A. Functional Network visualization.  
Network visualization representing the interconnection between conceptual (red) and anatomical 
(blue) terminology used in the field of cognitive neuroscience. The top 54 strongest linked terms 
are shown, as determined by a link weighting threshold (>12). Density = 0.04. 
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Figure 4B. Functional Network centrality measures.  
Plot of betweenness centrality versus frequency for the 54 anatomical terms visualized. 
Anatomy terms have steeper linear regression slopes, indicating that anatomical terms tend to 
have higher betweenness centrality than conceptual terms and suggesting that information 
about anatomy contributes more than information about concepts in defining the overall 
structure of the Functional Network. Some data labels not shown to improve plot readability.  
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Figure 4C. Functional Network similarity projection. 
Map of structural similarity for the Functional Network. Relative structural similarity was 
visualized separately for concept terms (red) and anatomy terms (blue) of the Functional 
Network. Each projection was thresholded until 20 nodes remained (>0.71 for concepts, >0.66 
for anatomy). Nodes connected in these networks express structural similarity in their patterns 
of connections to the other node class. 
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Psychological Structure 
 
Examination of the Psychological Network (Figure 2A) revealed a central hub of 
concepts that, together with their connections, group into three divisions: 
perception/attention, representation/memory, and cognition/control. This hub and its 
spokes comprise the positive structure of the psychological underpinnings of cognitive 
neuroscience. As might be expected, hub terms (e.g., vision, memory, and attention) 
had high frequency due to their popularity in the literature (Figure 2B). However, these 
terms have lower betweenness than predicted by their frequency, falling along the 
bottom right of the centrality plot. This is because hub terms support links within their 
own cluster, which represents a relatively autonomous domain of cognitive 
neuroscience, and in turn, they do not support many far-reaching links across the 
network. In this discussion of the positive structure, it is also important to note the 
Psychological Network was thresholded at the highest link weight of all the networks 
(>51 co-occurrences between each pair of terms) and is the most densely 
interconnected (density = 0.28). The strong, close connections of this network, together 
with its organization around a hub of research domains from psychology, suggests that 
the ontology of concepts in cognitive neuroscience is relatively well formed.   
 
Nevertheless, centrality statistics point to areas where further research would better 
integrate concepts across the literature. At the top of the centrality plot reside terms for 
processes that span the canonical domains of cognitive neuroimaging (e.g., emotion, 
control, and selection). While not as frequent, these terms have high betweenness and 
serve bridging roles in the network. Additional research on these processes would bring 
together the separate domains of cognitive neuroscience, leading to better information 
sharing across domain boundaries. 
 
Analyses of term similarity (Figure 2C) revealed numerous small groups of terms that 
carry relatively similar meaning (e.g., future and anticipation) or that come from the 
same circumscribed area of the literature (e.g., reward and risk). More intriguing were 
several larger groups of terms that were highly interconnected. The single largest 
grouping in any analysis comprised seven concept terms that all described aspects of 
control processing (e.g., top-down, executive, inhibition), indicating that this topic area 
contains a number of highly similar concepts that remain imperfectly distinguished from 
each other. This not only provides additional evidence for the characterization of these 
regions as important building links within the discipline, but also argues that new 
research has room to further elaborate their distinct roles in processing. 
 
In addition to characterizing these features and anomalies of the positive structure of the 
Psychological Network, we looked where links do not exist—though perhaps they 
should—in the negative structure. Surprisingly, although memory is the second most 
common concept term in the literature, it does not fall along the central hub. Instead, it 
lies within a strongly interconnected cluster of terms that describe both semantic 
properties (i.e., representation and category) and the storage and manipulation of those 
properties (i.e., recognition). Although memory remains connected to the hub for now, it 
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may soon become the flagship term of an island off the main network unless future 
research strengthens its existing ties with perception and cognitive control. 
 
Also important to note with regard to the negative structure is the largest island, shown 
at bottom left, which contains key concepts related to decision-making (e.g., risk and 
reward). A natural interpretation is that research investigating these concepts—often 
considered within the emerging discipline of neuroeconomics (Smith & Huettel, 2010)—
has proceeded as an autonomous discipline with its own well-developed internal 
structure of concepts. Indeed, over the past decade, research on the neural basis of 
decision-making has progressed largely apace from cognitive neuroscience, in part 
because of its focus on economic decision variables over psychological processes. The 
result has been a small, high profile literature that shares methods, but not conceptual 
frameworks, with research on other aspects of cognition. We note that this 
disconnection is not a function of our arbitrary link weight display threshold. That is, at 
every possible threshold, the connections within the neuroeconomics cluster are 
substantially stronger than the connections to the main body of the network (Figure 5). 
Reducing the threshold by half would maintain the island as a separate cluster from the 
network. Over time, re-establishment of connections between this island and the 
mainland network will provide channels for re-entrant flow of novel findings from 
neuroeconomics into the larger ontology of cognitive neuroimaging. 
 
 

 
 
Figure 5. Neuroeconomics island intra- and inter-connectivity. 
To investigate the relative autonomy of the neuroeconomics island within the Psychological 
Network (visualized in Figure 2A), we assessed connections among nodes of the island and 
between the island and the mainland. Cumulative density functions are shown for the intra-
island (red) and inter-island (purple) connections. At every possible threshold, the connections 
within the neuroeconomics island were substantially stronger than inter-island connections, 
indicating that this disconnection is not a function of the selected display threshold (>51).  
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Anatomical Structure 
 
The network map of anatomical structures (Figure 3A), unlike the Psychological 
Network map just described, neither exhibited a central hub nor self-organized into 
categorical groupings. Instead, its positive structure was dominated by three terms, 
each highly frequent and each densely interconnected with other nodes: prefrontal 
cortex (PFC), amygdala, and anterior cingulate cortex (ACC). From these and other 
common terms, long branches linked successions of terms within processing pathways 
(e.g., a sensorimotor branch linking cortical and subcortical regions, beginning at S1/S2 
and ending with the basal ganglia).  
 
Perhaps more prominent than the positive structure of the Anatomical Network is its 
negative structure. Three groups of terms were visisbly unconnected to the main 
network. Two of these described visual regions, and one characterized subregions in 
the prefrontal and parietal cortices. In the aggregate, this network was markedly less 
dense (density = 0.13) than the conceptual network (density = 0.28). Moreover, the 
connections only imperfectly track known anatomical relations. 
 
Analyses of network centrality statistics (Figure 3B) revealed that several anatomical 
regions occupy a disproportionally central place in the network, compared to their 
frequency. The thalamus and insula had the highest and second-highest betweenness 
centrality of any structure, despite only being the 15th and 9th most common terms, 
respectively. These outliers tend to co-occur in the literature with a diverse array of 
other regions, potentially reflecting their contributions to many of the processes studied 
by cognitive neuroscience. Furthermore, their network statistics (i.e., high betweenness 
relative to frequency) suggest that additional studies of their function would have the 
greatest effects on the overall character of the network. Accordingly, we consider them 
particularly important targets for future research aimed at overcoming confirmation and 
reification biases. 
 
The similarity projection of the Anatomical Network (Figure 3C) displays a group of 
anatomical terms that clearly define distinct regions (e.g., anterior insula and thalamus), 
but that share the property of being connected to a wider range of cortical regions. This 
not only provides additional evidence for the characterization of these regions as 
important building links within the discipline, but also argues that new research has 
room to further elaborate their distinct roles in processing.  
 
 
Functional Structure 
 
The bimodal Functional Network (Figure 4A) provides the most direct example of the 
semantic structure of cognitive neuroscience. Although this network contains similar 
numbers of terms in each category, its positive structure is driven by anatomical terms. 
The network statistics (Figure 4B) revealed that anatomical terms have higher 
betweenness centrality than conceptual terms, even though the latter are more frequent. 
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That is, information about anatomy contributes more than information about concepts in 
defining the overall structure of the network, and thus relationships within the literature. 
Of the anatomical terms, four are the most central in this network: the PFC, amygdala, 
parietal cortex, and hippocampus.  
 
Conversely, many of the high-frequency conceptual terms are on the margins of the 
network. Some are pendants with only one above-threshold connection (e.g., object, 
emotion, information, and observation). Others are part of dyads or triads that are 
disconnected from the main network at this threshold (e.g., language and 
representation). Such results may seem paradoxical since, as noted previously, some of 
these terms were highly central within the Psychological Network. Yet, this functional 
map provides different information, in that it considers only links across categories. 
Thus, terms that may be very central in the conceptual map (i.e., the bridging processes 
described earlier) may be on the periphery of the current functional map if they are 
primarily linked to one, or a small set of, brain regions (e.g., emotion to the amygdala)—
whether because of functional specificity or because new research tends to reify the 
results of older studies. 
 
In the similarity projection of the Functional Network (Figure 4C), two concepts might be 
linked because they reliably engage the same brain regions, because they are used 
interchangeably to describe a mental process, or both. Careful discretion must be used 
to determine which concept and anatomy terms are functionally related, and which are 
semantic synonyms as a result of terminological imprecision or redundancy. For 
instance, while fear and emotion are likely linked because both are cognitive processes 
related to amygdala activation, sensorimotor and somatosensory are terms that tend to 
be used together in the research literature even though they are typically associated 
with different brain regions. Though we may think of sensorimotor and somatosensory 
as having clearly distinct definitions, they are semantic synonyms in the network that 
are at risk of being conflated in the ontology of cognitive neuroimaging. Likewise for the 
anatomy terms, whereas fusiform and FFA are connected because they refer to 
overlapping brain regions that may process the same stimuli, the connection between 
the corpus callosum and the left inferior parietal cortex is more difficult to interpret. 
Future research should tease apart these structural synonyms to better understand how 
they are anatomically distinct yet functionally related. 
 
 
Control Analysis 
 
Each of the networks described above had a layout that, on the whole, corresponded to 
what is thought to be known about relations between brain structure and function. To 
ensure that this organizational scheme had emerged from actual term relations in our 
corpus, we randomly shuffled word positions in the texts and examined the resulting 
network structures (Figures 6-8). The original structures observed in Figures 2-4 were 
destroyed in these networks generated from scrambled texts. By contrast to the original 
networks, the scrambled networks were organized with central positions occupied by 
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the most frequent terms, as expected from a frequency-weighted probability of random 
co-occurrences between terms. Further, the discrete nodal connections varied from 
those in the original networks and did not seem to follow intuitively from a textbook 
treatment of neuroscience concepts or anatomy. For example, note the bridge that 
frontal eye field serves between prefrontal cortex and amygdala in the scrambled 
Anatomical Network (Figure 7). 
 
 
 
 
 

 
 
 
Figure 6. Scrambled Psychological Network. 
Visualization of the Psychological Network generated from the randomly shuffled text corpus. 
Top 48 strongest linked nodes are shown, link weight >14. Network density is 0.3653. Note that 
the structure is effectively a radial representation of the term frequency, with no meaningful 
connections between terms. 
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Figure 7. Scrambled Anatomical Network. 
Anatomical Network visualization of the scrambled text corpus. Top 47 strongest linked nodes, 
link weight >6. Network density is 0.0687. Like for the previous supplementary figure, 
scrambling the corpus results in a map whose structure is completely determined by term 
frequency, not semantic content. 
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Figure 8. Scrambled Functional Network. 
Functional Network visualization of the scrambled text corpus. Top 44 strongest linked nodes 
are shown, link weight >12. Network density is 0.1688. Like for the previous two supplementary 
figures, scrambling the corpus results in a map whose structure is completely determined by 
term frequency, not semantic content. 
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Discussion 
 
The Power of Semantic Mapping 
 
Traditionally, network analyses have been employed by social scientists to model 
relationships between people. Organization Risk Analyzer (ORA), the software used in 
the present analysis, was originally developed to assess the risk of terrorist cell 
networks (Carley, 2006). However, network analytic methods have also been applied 
throughout the natural sciences. Several such studies have used networks to track the 
spread of disease (Rothenberg, 1998; Christakis, 2007), while others have represented 
proteins as nodes that are linked by their biochemical interactions (Barabási, 2004; 
Charbonnier, Gallego, & Gavin, 2008). Here, ORA was applied to a different field, 
cognitive neuroscience, for the purpose of modeling very different types of 
relationships—those between brain structures and cognitive processes.  
 
By mapping the semantic structure of cognitive neuroscience with network text analysis, 
we add a new tool to the cognitive neuroscientistʼs meta-analytic toolkit. Instead of 
aggregating data from numerous studies for the purpose of identifying patterns across 
results, network analysis synthesizes semantic information for the purpose of mapping 
the structure of the field. This structure lends a different perspective than the typical 
meta-analysis. Specifically, it shows how results are organized on the level at which 
they are discussed by cognitive neuroscientists. Notably, this is a higher conceptual 
level than that of data, especially data collected on a single topic—the scope of most 
traditional meta-analysis. The network analysis of cognitive neuroscience provides a 
vantage point from which to settle wide-ranging disputes and to formulate hypotheses 
that integrate findings from across the field.  
 
Further, by taking the texts of abstracts as our data, this analysis takes an original 
approach to information mining. Because texts can be downloaded from online sources 
by automated methods, they are substantially more accessible than the primary data 
behind the results of cognitive neuroscience studies. Yet, it is important to keep in mind 
that texts provide different information than imaging data. The links in the semantic 
structure were computed from the co-occurrence of terms in the texts, providing 
information that is relational in nature. At the most basic level, without taking structural 
features of the networks into account, the links in the semantic structure signify whether 
a relationship does or does not exist between each pair of terms in the discourse of the 
field. For a meta-analysis of cognitive neuroscience, this information is particularly 
useful because it can be used to map connections between the two core semantic 
classes of the field (i.e., neuroanatomical structures and cognitive processes). By 
leveraging textual relations in the literature of cognitive neuroscience, our network text 
analysis yields powerful yet easily obtained information about the semantic structure of 
cognitive neuroscience. 
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These innovations on traditional network analytic, meta-analytic, and data mining 
techniques required the development of new quantitative methods for interpreting our 
results. We developed novel measures of semantic synonymy for our purpose of 
identifying terminological imprecision and conversely, term uniqueness. While we used 
the standard measures for node centrality to determine the importance of terms in the 
semantic networks, the method of plotting betweenness centrality against frequency 
was newly developed as a way to identify terms that have been understudied relative to 
their semantic importance (i.e., terms with high centrality in the networks but low 
frequency in the texts). We hope that these methods, along with our overall network 
meta-analytic approach, may be employed and adapted by future researchers to map 
texts from cognitive neuroimaging and other disciplines. 
 
 
Envisioning New Connections 
 
Mapping the semantic structure of cognitive neuroscience overcomes two significant 
barriers to progress in the field. First, to the extent that studies accurately represent the 
phenomena they investigate, the semantic structure automatically synthesizes the body 
of knowledge that has become too vast to track by traditional methods. Second, to the 
extent that studies misrepresent natural phenomena, the semantic structure contains 
anomalies that can be identified by quantitative methods. From patterns among these 
network anomalies, it becomes possible to discern systematic biases for researchers to 
consciously avoid in the future.   
 
The first barrier to progress is a counterintuitive one, arising from the fast-paced 
accumulation of results in the growing field of cognitive neuroscience. Unless these 
results are synthesized, the expanding pool of findings may later prove to be ankle-deep. 
This is because the deep goal of cognitive neuroscience is to integrate functional 
relationships, creating dynamic and holistic models for the brain and cognition (Posner 
et al., 1982). Counter to this aim, the cognitive processes that any one study can 
address are limited by task constraints, and the subtractive method of fMRI analysis 
excludes regions that are merely involved (not overactivated) from neuroanatomical 
models for those processes. Thus, each isolated study can uncover no more than a 
small subset of the multi-dimensional and interactive web of networks in the brain. 
However, by synthesizing findings through the methods of network text analysis, the 
massive and fractionated literature becomes a simplified yet all-inclusive semantic 
structure. Scientists can read and interpret this structure like a conceptual map to 
understand the relationships between findings throughout the field.  
 
The second barrier to progress in cognitive neuroscience includes the multiple forms of 
bias that misguide research, leading to results that misrepresent links between cognition 
and the brain. These biases include terminological imprecision, confirmation bias, 
reification of old conceptual frameworks in new studies, and subfield specialization. 
Altogether, bias creates mismatches between the literature of cognitive neuroimaging 
and the natural phenomena it describes. Places where the literature does not perfectly 
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track relationships between brain structure and function were detectable as anomalies 
in our semantic map. Through analyses of network properties, we uncovered several 
types of structural inefficiencies that correspond to the types of bias listed above. 
Semantic synonyms identified by similarity analyses indicate the influence of imprecise 
language and, in the case that two fields use different language for the same concepts, 
the influence of subfield specialization. The existence of understudied terms, which 
have higher betweenness centrality in the networks than predicted by their frequency in 
the texts, pointed to confirmation and reification biases. Finally, islands were described 
as autonomous substructures that lacked suprathreshold connections to the main 
network, thus representing subfields that have drifted away from the core of cognitive 
neuroimaging.  
 
Systematic analyses of bias in the network structures have shed light on areas where 
research should be focused to improve correspondence between the real structure-
function relationships of the human brain and the knowledge of cognitive neuroscience. 
Specifically, semantic synonyms are terms that would benefit from research that teases 
apart conflated psychological definitions or that refines anatomical boundaries in the 
brain. Along with islands, they may be eliminated from the literature by reintegrating 
subfields into the core of cognitive neuroimaging. Finally, understudied terms that are 
currently more important to the structure of the network than they are popular in the 
literature deserve more attention in future research. This will lead to better integration of 
the field and thereby improve the spread of information throughout the ontology of 
cognitive neuroscience. Altogether, insights derived from these analyses give cognitive 
neuroscientists the information they need to shift the momentum of the field toward the 
most efficient research pathways. 
 
 
Conclusion 
 
The central aim of cognitive neuroimaging is to build connections between 
neuroanatomical structures and psychological processes. Using network text analysis, 
these connections were mined from the text of research abstracts and mapped onto 
networks of anatomical and psychological terms that represent the semantic structure of 
the field. Qualitative analyses of network structures uncovered the organizational 
principles of the field, while quantitative analyses identified terms for brain structures 
and processes that play special linking roles in the literature. In this way, the network 
text analysis of cognitive neuroimaging has not only synthesized links between brain 
and cognition, but also identified biases that have created gaps between the literature 
and the phenomena it describes. This information has informed recommendations for 
future research that will inspire cognitive neuroscientists to move beyond well-worn 
research tracks. With the ability to see how the field is currently structured—and the 
foresight to envision how it should be—researchers will be able to formulate hypotheses 
toward important and integrative advances in cognitive neuroimaging. 
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