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The neural mechanisms that underlie generalization of treatment-induced improvements in word finding
in persons with aphasia (PWA) are currently poorly understood. This study aimed to shed light on
changes in functional network connectivity underlying generalization in aphasia. To this end, we used
fMRI and graph theoretic analyses to examine changes in functional connectivity after a theoretically-
based word-finding treatment in which abstract words were used as training items with the goal of pro-
moting generalization to concrete words. Ten right-handed native English-speaking PWA (7 male, 3
female) ranging in age from 47 to 75 (mean = 59) participated in this study. Direct training effects coin-
cided with increased functional connectivity for regions involved in abstract word processing.
Generalization effects coincided with increased functional connectivity for regions involved in concrete
word processing. Importantly, similarities between training and generalization effects were noted as
were differences between participants who generalized and those who did not.

� 2015 Elsevier Inc. All rights reserved.
1. Introduction

Aphasia is a language deficit which often occurs following a
cerebrovascular accident (CVA) of the language dominant hemi-
sphere of the brain. The majority of spontaneous recovery after a
CVA occurs within the acute and subacute stages, reaching a pla-
teau during the chronic stage (Cramer, 2008). Importantly, even in
the chronic stage, after spontaneous recovery has ceased, treatment
can induce neuroplasticity. Neuroplasticity related to treatment for
aphasia in the chronic phase has been shown in a number of neu-
roimaging studies in the last decade (e.g., Cornelissen et al., 2003;
Fridriksson, Richardson, Fillmore, & Cai, 2012; Marcotte, Perlbarg,
Marrelec, Benali, & Ansaldo, 2013; Meinzer et al., 2008; Rochon
et al., 2010; van Hees et al., 2014; Vitali et al., 2010).

An important feature of successful therapy in aphasia is gener-
alization from trained to untrained items, leading to more efficient
and cost-effective therapies. While many neuroimaging studies
have examined treatment-induced neuroplasticity in aphasia, few
have systematically examined and reported neural changes associ-
ated with behavioral improvements due to both direct training and
generalization effects of treatment (Meinzer et al., 2008; Vitali
et al., 2010). The current study examines neural changes related
to direct training and generalization effects of a theoretically based
treatment for word finding difficulties. We hypothesized that
changes to the semantic processing system would emerge as mod-
ifications in the functional pathways between a distributed set of
brain areas, and that such changes would mirror behavioral
changes associated with therapy. Given these hypotheses and the
relatively large network of brain regions involved in word finding,
we adopted a network-based functional connectivity analysis of
fMRI data obtained before and after therapy.

While fMRI activation studies provide valuable insight into local
effects of treatment-induced neuroplasticity, functional connectiv-
ity analyses can capture changes in task-specific coupling of brain
areas related to treatment gains, which may not be evident from
activation-based contrasts. Analyses of changes in functional con-
nectivity allow researchers to make inferences not only about the
coupling among brain regions while subjects engage certain pro-
cesses, but also about how that coupling is influenced by changes
in the experimental context or over time. Examining changes in
functional connectivity is relatively new in aphasia treatment
research, with only a few studies published to date (Abutalebi,
Rosa, Tettamanti, Green, & Cappa, 2009; Marcotte et al., 2013;
Sarasso et al., 2010; van Hees et al., 2014; Vitali et al., 2010). These
studies utilize techniques such as Structural Equation Modeling
(SEM; Sarasso et al., 2010; Vitali et al., 2010) and Dynamic Causal
Modeling (DCM; Abutalebi et al., 2009), and examine both resting
state (van Hees et al., 2014) and task-based (Abutalebi et al., 2009;
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Marcotte et al., 2013; Sarasso et al., 2010; Vitali et al., 2010) func-
tional connectivity.

These studies have shown increased functional connectivity
related to direct training, and in one case, to generalization effects.
Using SEM, Vitali et al. (2010) found that direct training effects of a
phonological cueing treatment in two patients with phonological
anomia were evident immediately following treatment, while gen-
eralization effects were observed at a six-month follow-up test,
when the trained versus untrained conditions showed similar levels
of performance. The authors suggest that these patients eventually
adopted a strategy for lexical retrieval of untrained items that mir-
rored their training-induced lexical retrieval strategy.

Based on these recent studies of changes in functional connec-
tivity following treatment in aphasia, we hypothesize that direct
training effects will coincide with increased functional connectiv-
ity within networks engaged by the trained items (Abutalebi
et al., 2009; Sarasso et al., 2010; Vitali et al., 2010) and that gener-
alization effects will coincide with increased functional connectiv-
ity in networks engaged by the untrained items (Vitali et al., 2010).
Here we adopt a graph theoretic approach, novel to aphasia treat-
ment research, to test these hypotheses related to treatment-
induced changes in functional connectivity in the language system.

Graph theory has been used to characterize complex systems
ranging from social networks to molecular interactions and is gain-
ing popularity in cognitive neuroscience as it provides meaningful
insights into the organization and dynamics of complex networks
such as the brain. Neuroimaging studies that utilize graph theory
have begun to identify changes in intrinsic network properties,
for example, after motor training (e.g., Sami & Miall, 2013). How-
ever, such approaches are currently underutilized in the study of
neuroplastic changes related to treatment outcomes, and no study
to date has used graph theoretical measures to characterize
changes in task-based networks after language treatment. The cur-
rent study utilizes node degree, which expresses the importance of
a region via the quantity of its incoming and outgoing connections
within a network, and allows a comparison across participants,
while taking into account individual variability of network compo-
sition (functional regions of interest included within the network).

One hurdle in examining neural changes related to direct train-
ing and generalization effects, especially in a word-finding treat-
ment, is that both the trained and the untrained items are
expected to activate the same regions in the semantic network.
This is especially true in picture-naming paradigms, which neces-
sarily use concrete words for both trained and untrained items.
One way to separate the effects of direct training and generaliza-
tion is to choose stimuli that have been shown to be dissociable,
both behaviorally and neurophysiologically, such as abstract and
concrete words. Recent neuroimaging research suggests that
abstract and concrete words are preferentially processed in differ-
ent cortical regions (Binder, Desai, Graves, & Conant, 2009; Wang,
Conder, Blitzer, & Shinkareva, 2010). In a meta-analysis of 17 imag-
ing studies, Binder et al. (2009) found preferential activation for
concrete concepts in bilateral angular gyrus (AG), left fusiform
gyrus (L FFG), left dorsomedial prefrontal cortex (L DMPFC) –
which includes portions of superior medial gyrus (SupMed), supe-
rior frontal gyrus (SFG), and middle frontal gyrus (MFG) – and left
posterior cingulate cortex (L PCC). Preferential activation for
abstract concepts was found in left inferior frontal gyrus (L IFG)
and left anterior superior temporal sulcus (L aSTS).

In a separate meta-analysis, Wang et al. (2010) examined 19
functional neuroimaging studies of abstract and concrete concept
processing, ten of which overlapped with the Binder et al. (2009)
study. They found consistent activation in left precuneus (L PCN),
L PCC, L FFG, and left parahippocampal gyrus (L PHG) for the
[concrete > abstract] contrast and activation in L IFG, L aSTG, left
anterior middle temporal gyrus (L aMTG), and left posterior middle
temporal gyrus (L pMTG) for the [abstract > concrete] contrast.
Similar to the Binder et al. (2009) study, abstract words preferen-
tially activated verbal regions while concrete words preferentially
activated nonverbal regions, although the exact regions differed
somewhat.

In our own work, we have shown that training abstract words
(i.e., justice) in a particular context-category (i.e., courthouse)
promotes generalization to concrete words (i.e., jury) in the same
context-category, but not vice versa (Kiran, Sandberg, & Abbott,
2009; Sandberg & Kiran, 2014). This treatment is based on the
complexity account of treatment efficacy (Thompson, Shapiro,
Kiran, & Sobecks, 2003), and suggests that training semantic fea-
tures of abstract words – the more complex items – promotes
spreading activation to a large distributed network of associated
words, including concrete words, whereas training semantic fea-
tures for concrete words – the less complex items – results in
spreading activation to a more confined network of related con-
crete words. We hypothesize that training abstract words will
increase functional connectivity of the abstract network and that
generalization to concrete words will increase functional connec-
tivity of the concrete network. However, the underlying neural
mechanism of generalization from abstract to concrete words is
currently unknown.

Thus, the goal of this study is to shed light on the underlying
neural mechanism of generalization from abstract to concrete
words by comparing the functional connectivity patterns of
abstract and concrete word processing in PWA before and after a
successful word generation treatment. This study builds upon the
current literature by systematically examining both direct training
and generalization effects of treatment, incorporating a functional
connectivity analysis, and utilizing graph theoretical measures to
characterize changes in functional connectivity related to treat-
ment gains. We also use a sample size of 10 PWA in response to
the prevalence of single- or multiple-case studies with fewer than
eight PWA, which makes it difficult to examine consistent patterns
across PWA. Additionally, we include a no-treatment within-
patient control subgroup, as only one study to date has included
a no-treatment patient control, albeit not within-patient controls
(Rochon et al., 2010), and patient controls, especially within-
patient controls are an ideal baseline for measuring treatment
gains.

Our specific aims and hypotheses were as follows:

(a) Examine changes in functional connectivity during a no-
treatment control period. We analyzed scan-to-scan changes
in functional connectivity for a subgroup of PWAwho partic-
ipated in a no-treatment control period before beginning
treatment as a baseline comparison for the effects of treat-
ment. Based on Rochon et al. (2010) and Meinzer et al.
(2006), who found scan-to-scan stability in activation for
healthy control subjects, we expected scan-to-scan stability
in functional connectivity for this subgroup of PWA during
the control period, as all PWA were in the chronic stage of
recovery.

(b) Examine changes in functional connectivity related to direct
training effects of treatment. We analyzed pre- to post-
treatment changes in functional connectivity for the trained
items (abstract words) for the group of PWA who improved
on the trained abstract words. Based on Abutalebi et al.
(2009), Sarasso et al. (2010), and Vitali et al. (2010), we
expected direct training effects to coincide with increased
functional connectivity in the abstract word network. Based
on the neuroimaging literature of abstract and concrete
words (e.g., Binder et al., 2009; Wang et al., 2010), we
expected that the regions with the largest network-level
changes would include L IFG, L STG, and/or L MTG.



Table 1
Key to region abbreviations.

Abbreviation Region

AG Angular gyrus
CN Caudate nucleus
Cun Cuneus
DMPFC Dorsomedial prefrontal cortex
FFG Fusiform gyrus
IFGop Inferior frontal gyrus pars opercularis
IFGorb Inferior frontal gyrus pars orbitalis
IFGtri Inferior frontal gyrus pars triangularis
Ins Insula
IPL Inferior parietal lobule
ITG Inferior temporal gyrus
MCC Middle cingulate cortex
MFG Middle frontal gyrus
MOG Middle occipital gyrus
aMTG Anterior middle temporal gyrus
pMTG Posterior middle temporal gyrus
PCC Posterior cingulate cortex
PCN Precuneus
PHG Parahippocampal gyrus
preC Precentral gyrus
SFG Superior frontal gyrus
SMA Supplementary motor area
SMG Supramarginal gyrus
SOG Superior occipital gyrus
aSTG Anterior superior temporal gyrus
aSTS Anterior superior temporal sulcus
SupMed Medial superior frontal gyrus
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(c) Examine changes in functional connectivity related to general-
ization effects of treatment. In addition to the training effects
for abstract words, we analyzed pre- to post-treatment
changes in functional connectivity for the untrained items
(concrete words) for the group of PWA who improved on
the trained abstract words and generalized to the untrained
concrete words. Based on Vitali et al. (2010), we expected
generalization effects of treatment to coincide with
increased functional connectivity in the concrete word net-
work. Based on the neuroimaging literature of abstract and
concrete words (e.g., Binder et al., 2009; Wang et al.,
2010), we expected that the regions with the largest
network-level changes would include L AG, R AG, L FFG, L
PHG, L DMPFC (i.e., L SupMed, L SFG, and/or L MFG), L PCN,
and/or L PCC (see Table 1 for a list of region abbreviations
that will be used throughout this manuscript).

2. Method

2.1. Participants

Ten right-handed native English-speaking persons with aphasia
(7 male, 3 female) ranging in age from 47 to 75 (mean = 59) partic-
ipated in this study. All participants experienced a CVA in the dis-
tribution of the left middle cerebral artery (see Supplementary
Fig. 1) and were in the chronic stage of recovery as evidenced by
time post-onset of at least six months. All participants had at least
a high school education. All patients received generative word-
finding therapy as well as pre- and post-treatment fMRI scans.
Three patients additionally participated in a ‘no treatment’ set of
scans as a control for changes in activation patterns unrelated to
the therapy (see Fig. 1A). Participants with a history of other cog-
nitive impairment and/or psychological disorders were excluded.
An MRI safety screen ensured that each participant was safe to
enter the bore of the magnet. Participants gave informed consent
according to the procedures approved by Boston University Institu-
tional Review Board.

2.2. Assessment

All participants were given a battery of standardized language
tests, including the Western Aphasia Battery (WAB-R; Kertesz,
2006) to establish the type and severity of aphasia, the Boston
Naming Test (BNT; Goodglass, Kaplan, & Weintraub, 1983) to
determine confrontation naming ability, selected subtests of the
Psycholinguistic Assessment of Language Processing in Aphasia
(PALPA; Kay, Lesser, & Coltheart, 1992) to determine specific defi-
cits of access to the semantic system, the Pyramids and Palm Trees
(PAPT; Howard & Patterson, 1992) to determine overall soundness
of the semantic system, and the Cognitive Linguistic Quick Test
(CLQT; Helm-Estabrooks, 2001) to determine the relative contribu-
tion of cognitive deficits such as attention and memory to language
dysfunction. See Table 2 for full demographic information.

2.3. Treatment

The treatment that was used in this study has previously been
shown to be effective in PWA (Kiran et al., 2009) and the treatment
results of the patients in the current study are also reported in
Sandberg and Kiran (2014). Treatment was carried out in a
multiple-baseline single-subject research design. Each participant
was trained on ten abstract words (e.g., justice) in a context-
category (e.g., courthouse), while ten concrete words (e.g., lawyer)
in the same context-category served as the untrained items used
to measure generalization. A second context-category (e.g., hospi-
tal) served as a control and assignment was counterbalanced
across participants. Each participant received therapy twice per
week for 2 h each session. Treatment steps included choosing fea-
tures related to the target, deciding whether the word was abstract
or concrete in nature, and generating a synonym for the target.
Treatment outcomes were tested using a word generation task in
which the patient was asked to generate as many words as possible
in 2 min within each category. Patients were encouraged to gener-
ate both abstract and concrete words, with definitions and exam-
ples provided. Accuracy was based on the percent of
predetermined target abstract and concrete words that were gen-
erated within each category. Target abstract and concrete words
for each category were determined based on responses from a
group of healthy individuals in a previous study (Kiran et al.,
2009). The treatment and testing protocols were the same as in
Kiran et al. (2009) and are reported in more detail in Sandberg
and Kiran (2014).

2.4. Functional magnetic resonance imaging

2.4.1. Stimuli and task
The abstract and concrete words used as stimuli in the fMRI

task were obtained from the MRC Psycholinguistic Database
(Coltheart, 1981) and overlapped with the stimuli used in treat-
ment. Importantly, t-tests confirmed that the abstract and concrete
stimuli differed on concreteness (t(55) = 21.64, p < .001) and
imageability (t(57) = 180.29, p < .001), but did not differ on fre-
quency (t(51) = 1.15, p = .26), familiarity (t(57) = 1.47, p = .15), letter
length (t(118) = .56, p = .58), or number of syllables (t(116) = .61,
p = .54) (Brown, 1984; Gilhooly & Logie, 1980).

For the fMRI task, we utilized a word judgment (WJ) task. While
it was important that the task used in the scanner resemble as
close as possible the task used to probe treatment effects (Kiran
et al., 2013), using a word generation task was untenable because
(a) there is no way to control for the number or quality of gener-
ated abstract and concrete words inside the scanner, which intro-
duces the potential for differences in power for specific contrasts in
the analysis that may produce results that are unrelated to the
underlying mechanism of interest, (b) head motion in the scanner
can drive large changes in estimates of functional connectivity,
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Fig. 1. Experiment details.

Table 2
Demographic information for all participants.

Patient P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

Age 57 56 59 47 48 74 53 69 56 75
Sex Female Male Male Male Male Female Male Male Female Male
Months post stroke 38 76 23 42 93 134 117 16 7 11
Lesion volume (cc) 62.55 79.79 123.86 14.24 255.95 101.06 163.12 0.33 3.54 108.64
Western Aphasia Battery
Aphasia quotient 99.2 77.7 78.6 95.5 72.5 90.8 41.7 97.1 84.7 67.4
Aphasia type Anomic Conduction Anomic Anomic Conduction Anomic Broca’s Anomic Anomic TCM
Boston Naming Test 92% 87% 68% 95% 82% 68% 22% 95% 90% 90%
Psycholinguistic Assessment of Language Processing in Aphasia
Auditory lexical decision: HI 100% 100% 98% 100% 98% 95% 100% 100% 100% 100%
Auditory lexical decision: LI 100% 98% 98% 98% 93% 95% 93% 100% 95% 98%
Visual lexical decision: HI 100% 100% 100% 97% 100% 100% 100% 100% 100% 100%
Visual lexical decision: LI 97% 100% 93% 93% 100% 100% 93% 97% 100% 100%
Auditory synonym judgment: HI 100% 90% 93% 100% 93% 100% 90% 100% 100% 97%
Auditory synonym judgment: LI 97% 90% 77% 90% 77% 93% 67% 93% 100% 90%
Written synonym judgment: HI 100% 97% 87% 97% 100% 87% 87% 100% 100% 100%
Written synonym judgment: LI 100% 83% 77% 100% 87% 93% 63% 93% 100% 100%
Pyramids and Palm Trees
Pictures 96% 98% 94% 100% 90% 77% 88% 98% 98% 96%
Written words 98% 96% 94% 98% 96% 94% 85% 100% 96% 69%
Cognitive Linguistic Quick Test
Composite severity WNL WNL WNL WNL Mild Mild Mild Mild WNL Mild
Baseline categorical word generation
Concrete 30% 33% 17% 37% 17% 20% 10% 20% 37% 17%
Abstract 10% 3% 3% 3% 3% 3% 0% 3% 3% 0%

Note. TCM = transcortical motor, HI = high imageability, LI = low imageability, WNL = within normal limits.
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particularly over long distances (Power, Barnes, Snyder, Schlaggar,
& Petersen, 2012), thus leading to the potential to overestimate the
functional network involved in tasks that include overt speech, and
(c) in an intermittent task, such as word generation, modeling the
BOLD time course related to the neural/cognitive processes of
interest, which is required for task-based functional connectivity
in event-related designs (as performed here), could be problematic,
especially in PWA with word-finding difficulties. While it might be
possible to overcome the technical challenges of estimating func-
tional connectivity in such a task that evokes variable response
timing, stimulus-correlated head motion, and an unpredictable
number of data points within each condition, we determined that
it would be more expeditious to use a modified task that was
related to the treatment task, but that could be modeled more
effectively with a traditional general linear model. We thus
designed the WJ task to directly relate to one of the training steps
used during treatment, which is to determine if the word being
trained is abstract or concrete in nature, in order to more closely
align the task performed in the fMRI scanner to the semantic
training that occurred during treatment. During the WJ task,
abstract words (e.g., justice) and concrete words (e.g., lawyer) and
letter strings made up of all consonants (e.g., rvtsg) or all vowels
(e.g., aoei) were randomly presented on a projection screen for
4 s each. Participants determined if each word was abstract or con-
crete or if each letter string was composed of vowels or consonants
and pressed the corresponding button. The words abstract/concrete
and vowels/consonants were shown on the bottom of the screen
during experimental and control trials, respectively, to eliminate
errors or increased effort related to remembering which option
corresponded to which button (see Fig. 1B). Importantly, both the
experimental condition and the control condition required visual
letter analysis and both required the participant to make a categor-
ical decision and button press. The experimental condition –
abstract and concrete words – additionally required word retrieval
and semantic processing related to what makes each word either
abstract or concrete.

During each fMRI scan (see Fig. 1), participants completed four
runs of the WJ task for a total of 60 abstract words, 60 concrete
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words, and 60 letter strings. The presentation of items within each
run was randomized and the presentation of runs was counterbal-
anced across participants and across sessions. For the first three
participants, there were three runs with a total of 50 abstract
words, 50 concrete words, and 50 letter strings. E-Prime software
(Schneider, Eschman, & Zuccolotto, 2002) was used to present
the WJ task in the scanner. Both accuracy and reaction time were
recorded for analysis.

2.4.2. Experimental design
An event-related design with pseudorandomized interstimulus

intervals (ISI; range 1–3 s) was used, allowing for a fine-grained
analysis between conditions (i.e., abstract, concrete) by measuring
and analyzing the hemodynamic response for each stimulus. Addi-
tionally, three participants served as their own controls by being
scanned twice (10 weeks apart) before treatment began (see
Fig. 1A). During this control period, we did not force the partici-
pants to stop their current therapy, but we confirmed that the
treatment was unrelated to our designed intervention. In other
words, the stimuli used in the current experiment for both the
treatment and the fMRI task were not part of their current therapy,
and the target of therapy was different (e.g., syntax, discourse).

2.4.3. Protocol
The fMRI scanning was conducted at the Boston University Cen-

ter for Biomedical Imaging in a 3 Tesla Philips Achieva MRI scanner
with an 8-channel head coil that has been approved for use on
humans. Participants receiving treatment immediately were
scanned once during pre-testing before treatment sessions began
(S1) and again during post-testing after treatment sessions had
ended (S2). The participants who served as their own controls first
participated in a control scan (S0), then engaged in a no-treatment
control period of at least 10 weeks, at the end of which they were
scanned (S1) and given the choice to begin treatment. All three
control participants chose to participate in treatment and were
scanned a third time after treatment ended (S2). Participants first
practiced the task outside the scanner on a laptop to decrease
performance-related anxiety while in the scanner.

2.4.4. Data collection
High-resolution T1-weighted images were acquired with the

following parameters: 140 sagittal slices, 1 mm3 voxels,
240 � 240 matrix, flip angle = 8�, fold-over direction = AP,
TR = 8.2 ms, TE = 3.8 ms. Blood-oxygen-level-dependent (BOLD)
sensitive functional images were collected using the following
parameters: 31 axial slices (3 mm thick with 0.3 mm gap),
3 mm3 voxels, 80 � 78 matrix, flip angle = 90�, fold-over direc-
tion = AP, TR = 2000 ms, TE = 35 ms. The visual stimuli were pre-
sented on a screen behind the scanner, which projected to a
mirror fitted to the head coil. Padding was used to minimize head
motion and corrective optical lenses were used when necessary to
correct visual acuity. After bore entry, the magnet was shimmed to
achieve maximum homogeneity.

2.4.5. Data analysis
Analyses were focused at the individual level as averaged group

analysis can mask significant perilesional activation from individu-
als with heterogeneous lesions (Meinzer et al., 2012). After data
were analyzed at the individual level, individual functional connec-
tivity changes were compared across patients to determine consis-
tent patterns for the group.

2.4.5.1. Preprocessing. Using SPM8 software (Wellcome Trust Cen-
tre for Neuroimaging), preprocessing was performed to correct
for slice timing differences, correct for movement, remove slow
baseline drifts, coregister the structural and functional images,
and spatially normalize both structural and functional images to
the default MNI template. Slow baseline drifts were filtered out
using a high-pass filter with a cutoff of 1/128s, and volumes with
large variations in scan-to-scan motion or average global intensity
were repaired via linear interpolation using the ArtRepair toolbox
for SPM8 (Mazaika, Hoeft, Glover, & Reiss, 2009). Spatial smoothing
of the functional data was not performed to minimize the loss of
specific activations that can occur due to smoothing (see Meinzer
et al., 2012 for a discussion regarding smoothing in patient popu-
lations). In addition to these basic steps, lesion maps were drawn
by hand using MRIcron software (http://www.cabiatl.com/
mricro/) and transformed into binary lesion masks that were used
during segmentation to minimize deformities during normaliza-
tion (Brett, Leff, Rorden, & Ashburner, 2001). SPM8 utilizes unified
segmentation, which decreases the lesion effect on normalization;
however, lesion masking is still recommended (Andersen, Rapcsak,
& Beeson, 2010).

2.4.5.2. General linear model (GLM). After preprocessing, data were
entered into a GLM in SPM8 for a first-level analysis at the individ-
ual level. Only correct responses were included in the conditions
and contrasts of interest, since activation during incorrect
responses can reflect maladaptive processing or error monitoring
(Postman-Caucheteux et al., 2010). Trials that had incorrect
responses were modeled using a separate regressor of no interest.
The temporal derivative was included in the model to account for
possible stroke-related differences in the hemodynamic response
function (HRF) (Friston, Josephs, Rees, & Turner, 1998). Anatomical
labels for significant activations were obtained from the Auto-
mated Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et al.,
2002). Activations were thresholded to control the false discovery
rate (FDR) at 0.05. Significant peaks of activation from this first-
level GLM were used to define functional regions of interest (fROIs)
for the functional connectivity analysis. An extension of this GLM
approach was used to analyze pre- versus post-treatment BOLD
activations at the individual and group level, which are not the
focus of this study, but will be briefly reviewed in Section 3.3 as
a compliment to the functional connectivity results.

2.4.5.3. Functional connectivity.2.4.5.3.1. Functional region of interest
definition. FROIs were defined methodically for each individual
participant by selecting atlas regions that showed activation at
an FDR p < .05 level for the [abstract > letter strings] contrast and
the [concrete > letter strings] contrast in the GLM during scan S1.
This personalized list was then compared against the patient’s
uncorrected p < .001 S1 and S2 activations for the [word
(abstract + concrete) > letter strings] contrast. Only regions that
contained significant activation at both S1 and S2 were retained
as fROIs. Using Marsbar (Brett, Anton, Valabregue, & Poline,
2002), we created fROIs by drawing a 5 mm sphere around the
MNI coordinates of the peak voxel within each region for each par-
ticipant. The same procedures were used to create fROIs for S0 and
S1 for the three participants who served as their own controls.
2.4.5.3.2. Connectivity matrix definition. Once fROIs were defined
for each participant, the CONN toolbox (Whitfield-Gabrieli &
Nieto-Castanon, 2012) was used to perform a task-related (i.e.,
condition-specific) functional connectivity analysis on the data
from each time interval (S0, S1, S2). The following steps were car-
ried out within CONN: First, the GLM from SPM8 (as used for indi-
vidual activation estimates) was used to define model parameters,
including the onsets and durations for each condition. Next, Comp-
Cor (Behzadi, Restom, Liau, & Liu, 2007) was used to estimate noise
components from non-neuronal sources. The variance in BOLD
time series related to the main effects of each condition, head
motion, and temporal components extracted from the white mat-
ter and CSF was then removed. The residual time series were then
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weighted by the appropriate HRF-convolved regressor to derive
condition-specific time series for functional connectivity analyses.
Finally, semipartial correlations were then estimated between each
pair of ROIs based on these weighted residuals, resulting in a direc-
ted, weighted adjacency (i.e., semipartial correlation) matrix for
each experimental condition (abstract, concrete, letter strings) for
each time period. Note that CONN automatically converts
r-values to z-values using a Fisher transformation, and these
formed the input for subsequent analysis. We used semipartial
correlations in order to obtain the unique correlation between a
seed region and a target region, controlling for the influence of
other regions on the target region.

For each participant, we then created a matrix representing
changes in correlation strength from pre- to post-treatment
(n = 10, S2–S1) and during the control period (n = 3, S1–S0) for each
condition using matrix subtraction. These matrices were treated as
graphs (which we refer to hereafter as ‘‘difference networks”), with
nodes representing brain regions, and edges encoding differences
in semipartial correlations between region pairs from pre- to
post-treatment. While these ‘‘difference networks” do not them-
selves represent a meaningful physiological network, they instead
represent the increases in functional connections in a physiological
network, and are amenable to the same types of graph analytic
approaches used on simpler functional connectivity networks.
The letter-string (control condition) difference network was trea-
ted as a baseline and was subtracted from the abstract (trained)
difference network and the concrete (generalized) difference net-
work to isolate changes in functional connectivity above and
beyond any ‘‘baseline” scan-to-scan changes that may occur.
2.4.5.3.3. Node degree calculation. Node degree, a graph theoretic
measure, was calculated for each node (region) in these difference
networks to determine regions within each network that have
large changes in functional connectivity with other regions from
pre- to post-treatment, and which are related to treatment gains
both within and across patients.

Node degree is defined as the number of connections or edges
(incoming and outgoing), adjacent to a particular node (Sporns,
2011). For each participant, we calculated node degree using Eq.
(1), where k is the node degree, i is the node, aij is the connection
from node i to node j, aji is the connection from node j to node i,
and N is the set of all nodes (Rubinov & Sporns, 2010).
1 Fig. 3 and Supplementary Fig. 2 were created using Caret software http://
brainmap.wustl.edu.
k ¼ kouti þ kini ¼
X

j2N
aij þ

X

j2N
aji ð1Þ

To calculate node degree we first binarized the previously
described difference network, such that significant increases in
functional connectivity from node i to node j was indicated by
Aij = 1; functional connections that did not show significant
strength increases had matrix entries set to 0. The significance of
a change in correlation strength for each connection was deter-
mined by calculating 95% confidence intervals for the difference
between the two Fisher transformed z-scores (Lane, 2007). For
our purposes, only significant increases (i.e., z-scores whose confi-
dence intervals did not overlap) were retained.

In our data set, since nodes correspond to brain regions and
connections to changes in (semi-partial) correlation values, a
node’s degree in the difference network provides information about
the contribution of an individual brain region to network changes
coinciding with treatment outcomes. Specifically, this measure
defines how many connections between that ROI and the rest of a
subject-specific network increase in connection strength following
treatment. Node degrees were calculated at the individual level
and then averaged across participants.
3. Results

3.1. Behavioral results of treatment

Nine of the ten participants improved on the trained abstract
words with effect sizes (ES) ranging from 4.60 to 17.53. Of the nine
participants who responded to treatment, seven also showed
generalization from abstract to concrete words in the same
context-category with ES ranging from 1.73 to 7.01 for the
untrained concrete words. See Fig. 2 for details. For a more detailed
analysis of the behavioral results of treatment, see Sandberg and
Kiran (2014). Pre- and post-treatment scores on standardized tests
can be found in Supplementary Table 1; however, a detailed
analysis and discussion of the relationship between standardized
test scores and effect sizes is outside the scope of this paper.
3.2. Behavioral results of fMRI task

All participants performed at above-chance levels on the WJ
task in the scanner during each time interval (binomial p < .001).
Wilcoxon signed rank tests showed that overall accuracy for the
group did not change from pre- to post-treatment (p = .35). Like-
wise, overall reaction time for the group did not significantly
change after treatment (p = .20) (see Supplementary Table 2 for
individual data). Because only correct responses were analyzed,
all activations are assumed to be related to engagement of the
semantic processing network.
3.3. fMRI activation results

As the focus of this paper is the change in functional connectiv-
ity after treatment, the BOLD activation results will only briefly be
addressed. A more in-depth analysis of activation changes related
to this treatment will be presented in a separate paper (Sandberg
& Kiran, in preparation). However, it is important to broadly pre-
sent the BOLD activation results here to provide a reference for
the functional connectivity results.

Similar to the connectivity analysis, the pre- vs. post-treatment
analysis of BOLD activation was performed at the individual level
and then at the group level. In addition to the preprocessing steps
mentioned in the methods, volumes were also detrended using a
voxel-level linear model of the global signal (LMGS; Macey,
Macey, Kumar, & Harper, 2004) so that changes in the global signal
that are of no interest would not influence comparisons between
pre- and post-treatment sessions. At the individual level, a GLM
was implemented as a first-level analysis with contrasts of interest
being [post-treatment abstract > pre-treatment abstract] and
[post-treatment concrete > pre-treatment concrete]. At the group
level, a one-sample t-test was used as a second-level analysis to
characterize similarities among responders (n = 9) for the [post-
treatment abstract > pre-treatment abstract] contrast and among
generalizers (n = 7) for the [post-treatment concrete > pre-
treatment concrete] contrast.

All participants exhibited significantly increased activation
(FDR p < 0.05) from pre- to post-treatment for both abstract and
concrete words at the individual level, except P4, who only showed
increased activation for abstract words at this level of significance
(see Supplementary Fig. 2). As shown in Fig. 31 and Table 3, the
group level analysis resulted in activation for abstract words in
responders in several regions, including but not limited to, those
preferential to abstract word processing (e.g., L IFG). For concrete
words, group level results showed increased activation in
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Fig. 2. Treatment results. The abstract effect size is related to direct training, the concrete effect size is related to generalization. Note that P7 did not respond to treatment
(ES < 4) while P2 and P5 improved on abstract words, but did not generalize to concrete words (negative ES).

Fig. 3. Changes in BOLD signal from pre- to post-treatment for abstract and concrete words at the group level. Red spheres indicate peaks of activation for the one-sample t-
test of the [post-treatment abstract > pre-treatment abstract] contrast for the group of responders (n = 9). Blue spheres indicate peaks of activation for the one-sample t-test
of the [post-treatment concrete > pre-treatment concrete] contrast for the group of generalizers (n = 7). All results shown are significant at the uncorrected p < 0.001 level.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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generalizers in several regions, including but not limited to, those
preferential to concrete word processing (e.g., L PCN). Overlaps in
increased activation between abstract and concrete words included
L SMG, L IPL, L PCN, and R SFG. However, these patterns of increased
activation were only significant at the uncorrected p < 0.001 level.

3.4. Functional connectivity results

The results here focus on specific patterns of increases in func-
tional connectivity across participants, organized around our main
hypothesis: (a) control period (i.e., S1–S0) for the three control par-
ticipants, (b) direct training effects, and (c) generalization effects.

3.4.1. Control period (n = 3)
In order to probe whether functional connectivity changes in

the absence of targeted therapy, a subset of three participants
(P8, P9, and P10) served as their own controls, participating in a
10 week control period before beginning therapy. It is important
to note here that all three participants exhibited stable baseline
performance on the word generation task during the control period
(from S0 to S1), but showed significant increases in generative
naming performance after treatment (from S1 to S2), improving
on both the trained abstract words and generalizing to the
untrained concrete words.

At the individual level, pre-treatment (semi-partial) correlation
matrices were subtracted from post-treatment correlation matri-
ces for each condition (abstract, concrete). Increases in correlation
for each condition-specific connection for each participant that
pass the 95% confidence interval threshold are visualized as heat
maps in Supplementary Fig. 3. Unexpectedly, all three control par-
ticipants showed increased functional connectivity after the con-
trol period. The implications for this finding will be addressed in
the Discussion. Interestingly, the patterns of change for each par-
ticipant are very different, and notably, each control participant
exhibits a different pattern of change after treatment than after
the control period (see Supplementary Fig. 4). Importantly, consis-
tencies across participants become apparent with the analysis of
node degree in the appropriate difference networks.

Node degrees in the difference networks were calculated at the
individual level (see Supplementary Fig. 5 for individual graphs)
and then averaged across participants. Only regions that showed
significant changes in at least two of the three participants were



Table 3
Significant increased activation for abstract and concrete words from pre- to post-
treatment for responders and generalizers.

Abstract (n = 9) Concrete (n = 7)

t-
value

MNI coordinates
(x, y, z)

Structure t-
value

MNI coordinates
(x, y, z)

Structure

7.34 �6 �27 48 L MCC 7.37 �57 �33 24 L SMG
6.16 54 0 �21 R MTG 7.34 3 �36 48 R MCC
5.88 �39 �54 21 L AG 7.3 �30 �78 21 L MOG
5.65 48 �51 24 R AG 7.13 45 �3 39 R PreC
5.43 �18 �60 27 L Cun 6.75 66 �27 9 R STG
5.28 �12 �63 30 L PCN 6.31 �21 �48 12 L PCN
5.28 �39 �39 �12 L ITG 5.92 �30 6 12 L Ins
5.00 27 �75 42 R SOG 5.8 �30 �75 42 L IPL
4.85 �3 �12 66 L SMA 5.42 24 12 66 R SFG
4.83 �36 �57 51 L IPL
4.81 �57 �33 24 L SMG
4.81 �36 12 24 L IFGtri
4.73 �18 �21 21 L CN
4.65 �24 30 36 L MFG
4.63 18 48 27 R SFG
4.63 54 �30 45 R SMG
4.55 �12 27 42 L SFG

Note. One-sample t-tests were used to obtain group results of [post-treatment
abstract > pre-treatment abstract] and [post-treatment concrete > pre-treatment
concrete] contrasts for responders (n = 9) and generalizers (n = 7). All results shown
are at the uncorrected p < 0.001 level. See Table 1 for a key to region abbreviations.
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entered into the analysis. Fig. 4 visually depicts the node degree for
both the abstract and concrete difference networks.2 For the con-
trol period, the region with the highest node degree – representing
an increase in functional connectivity – for the abstract word net-
work was L SFG, and for the concrete word network was L MFG,
brain areas which are involved in attention in addition to semantic
processing (Binder et al., 2009; Fan, McCandliss, Fossella,
Flombaum, & Posner, 2005; Price, 2012).

Because the control participants also received treatment, we
can directly compare the control period versus the treatment per-
iod for these participants. Importantly, there are regions that show
increases in connectivity across participants regardless of whether
or not treatment was given, including L SupMed and L MFG. Inter-
estingly, these regions also tend to have higher node degrees than
other regions in the difference networks. Regions that show com-
mon increases in functional connectivity between the abstract
and concrete networks after treatment, but not the control period
include bilateral AG and L IFGtri. Regions specific to the control
period for both abstract and concrete networks include L SFG, L
preC, L SMA, and L pMTG, although L pMTG also showed direct
training effects.

3.4.2. Direct training (n = 9)
Increases in correlation for condition-specific connections for

each participant that pass the 95% confidence interval threshold
are visualized as heat maps in Supplementary Fig. 5. At the individ-
ual level, all participants showed increases in functional connectiv-
ity from pre- to post-treatment for the abstract difference network,
which we will refer to as the trained abstract difference network.
Again, each participant shows a different pattern of change after
treatment, and consistencies across participants become apparent
with the analysis of node degree.

The top panel of Fig. 5 visually depicts node degree for the
trained abstract difference network with graphs highlighting the
regions for which at least six of the nine participants who
responded to treatment showed significant increases in functional
connection strength. Regions with high node degree but which are
2 Node degree brain maps in Figs. 4 and 5 were generated with the BrainNet Viewer
(Xia, Wang, & He, 2013, http://www.nitrc.org/projects/bnv/).
only seen in a few patients (e.g., R SMA had a node degree of 8, but
was only seen in one participant) have limited value when
attempting to determine consistent, meaningful treatment-
related changes in relevant brain networks. Thus, regions for which
a substantial fraction – in the present study at least two-thirds – of
the responders showed increases are thought to be more informa-
tive. Using this criterion, the region with the highest node degree
in the trained abstract difference network is the left inferior frontal
gyrus pars triangularis (L IFGtri).

3.4.3. Generalization (n = 7)
Increases in correlation for condition-specific connections for

each participant that pass the 95% confidence interval threshold
are visualized in Supplementary Fig. 5. At the individual level, all
participants showed significant changes in functional connectivity
from pre- to post-treatment for the concrete word difference
network, which we will refer to as the generalized concrete difference
network for participants who generalized and as the non-generalized
concrete difference network for those who did not generalize. As with
direct training effects, each participant shows a different pattern of
functional connectivity changes after treatment, and the analysis
of node degree better characterizes consistencies across partici-
pants, and additionally identifies differences between participants
who generalized versus those who did not.

The middle panel of Fig. 5 depicts node degree for the general-
ized concrete difference network, with plots highlighting the
regions for which at least five of the seven participants who gener-
alized in treatment showed significant increases in functional con-
nectivity. Using our two-thirds criterion, the regions with the
highest node degree in the generalized concrete difference net-
work were L SupMed and R IFGtri.

3.4.4. Non-generalizers (n = 2)
For comparison, we also examined increases in functional con-

nectivity in the non-generalized concrete difference network. Since
there were only two participants who did not generalize, only
regions for which both participants showed increases were consid-
ered. The regions with the highest node degree in the non-
generalized concrete difference network were L MFG and R IFGorb.
See the bottom panel of Fig. 5 for details.

3.4.5. Lateralization of functional connectivity changes
As an additional post hoc analysis we calculated two indices – a

Bilaterality Index (BI) and a Laterality Index (LI) – to determine if
connection changes were lateralized, and if so, which hemisphere
was playing a larger role in treatment-induced neuroplasticity for
both direct training and generalization effects of treatment. The
BI and LI were calculated for each participant and then averaged
across participants to determine similarities and differences
among the trained abstract difference network, the generalized
concrete difference network and the non-generalized concrete dif-
ference network to better characterize differences between gener-
alizers and non-generalizers.

The BI compares the ratio of cross-hemisphere connections that
are increasing in correlation strength to the ratio of within-
hemisphere connections that are increasing in correlation strength
(see Eq. (2)). For each participant, the number of left-to-left (LL),
right-to-right (RR), left-to-right (LR) and right-to-left (RL) hemi-
sphere connections that were significantly increasing in correla-
tion strength were summed and then entered into Eq. (2). A
positive BI value indicates more cross-hemisphere connection
changes and a negative BI value indicates more within-
hemisphere connection changes.

BI ¼ ðLR þ RLÞ � ðLLþ RRÞ
ðLR þ RLþ LLþ RRÞ ð2Þ
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Fig. 4. Comparison of node degree of fROIs between the control and treatment periods in the abstract and concrete change networks. This figure illustrates the average node
degree for increases in connectivity after the control and treatment periods for fROIs in the abstract difference network (top panel) and the concrete difference network
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highlight the differences between the control (green) and treatment (purple) periods for the majority (at least 2/3) of control participants. The number of participants who
showed increased connectivity for each region is provided to the right of each bar. (For interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)
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The LI compares the ratio of left-hemisphere (LH) connections
that are increasing in correlation strength to the ratio of right-
hemisphere (RH) connections that are increasing in correlation
strength (see Eq. (3)). A positive LI value indicates a LH bias and
a negative LI value indicates a RH bias. A bias of ±0.2 has been
accepted as a reasonable threshold for laterality (Seghier, 2008)
and will be used as a threshold for both BI and LI in interpreting
our results. A paired t-test confirmed no significant difference
between the number of LH versus RH fROIs across participants
(t = 1.97, p = .09). Thus, we can assume that a laterality bias is
not simply the result of the number of LH versus RH fROIs included
in the functional connectivity matrices.
LI ¼ ðLL� RRÞ
ðLLþ RRÞ ð3Þ

Both generalizers and non-generalizers showed an average neg-
ative BI beyond the �0.2 threshold for increased functional con-
nectivity in the trained abstract network, indicating a bias for
within-hemisphere connection changes related to direct training
effects. However, only generalizers showed an average negative
BI beyond the �0.2 threshold for increased functional connectivity
in the generalized concrete difference network, similar to the
trained abstract network, indicating a bias for within-hemisphere
connection changes related to generalization. For non-
generalizers, the average BI value for the concrete network did
not pass the �0.2 threshold, indicating a difference between the
abstract and concrete networks related to the difference between
direct training and generalization effects of treatment for this
group (see Fig. 6A).

Upon closer examination of within-hemisphere connections,
generalizers exhibited an average positive LI beyond the 0.2
threshold for both the trained abstract network and the general-
ized concrete difference network, indicating a LH bias for increased
functional connectivity related to both direct training and general-
ization effects. On the other hand, non-generalizers exhibited an
average positive LI beyond the 0.2 threshold for the trained
abstract network, but an average negative LI beyond the threshold
for the non-generalized concrete difference network, indicating a
LH bias for increased functional connectivity related to direct train-
ing, but a RH bias for increased functional connectivity related to a
failure to generalize in treatment (see Fig. 6B). While there is indi-
vidual variability (see Supplementary Fig. 6), the general trend
remains consistent.



Fig. 5. Node degree of fROIs in the trained abstract network, generalized concrete network, and non-generalized concrete network. This figure illustrates the average node
degree for increases in connectivity for fROIs in the trained abstract network (top panel), generalized concrete network (middle panel), and non-generalized concrete network
(bottom panel). The size of each sphere represents the number of participants who show significant increases in connectivity for that region, while the color of the sphere
represents the average node degree. Higher values are more purple, lower values are more turquoise. The bar graphs highlight the regions with the highest node degree for
the majority (at least 2/3) of participants. The number of participants who showed increased connectivity for each region is provided to the right of each bar. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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4. Discussion

The aim of this study was to examine changes in functional con-
nectivity patterns associated with both training and generalization
effects of a word finding treatment in persons with aphasia. We
found that increases in functional connectivity were consistent
with BOLD activation changes and with the effects of treatment,
including (a) differences between the control period and the treat-
ment period for the participants who served as their own controls,
(b) similarities between direct training and generalization effects
of treatment, and (c) differences between generalization and
non-generalization effects of treatment.

4.1. Control period

We hypothesized that there would be no significant increases in
functional connectivity after the control period. Unexpectedly, all
three participants who served as their own controls showed
changes in functional connectivity after the control period. For
both abstract and concrete difference networks, L SFG, L preC,
and L SMA – regions involved in attention and subvocal rehearsal
(Fan et al., 2005; Price, 2012) – were unique to control period
changes. It is possible that changes that occur during the control
period are related to practice effects (i.e., differences in functional
connectivity due to familiarity with the task); however, we do not
believe this is the case, since all participants practice the task on a
laptop until they are comfortable with the task prior to scanning.

It is also possible that the changes noted during the control per-
iod were related to the unrelated therapies these participants were
receiving. Although they were not receiving word-finding treat-
ment and were not exposed to the treatment stimuli, sentence
comprehension and discourse therapy necessarily involve
activation of the semantic system. There were overlaps between
the treatment and control periods in regions that showed
increased connectivity, including L SupMed and L MFG. While
these regions are considered part of the concrete network, parts
of SupMed and MFG overlap with the default mode network
(Binder et al., 2009; Buckner, Andrews-Hanna, & Schacter, 2008),
and parts of MFG are also thought to be involved with working
memory (Curtis & D’Esposito, 2003). It would be interesting to
examine whether the changes noted would be any different than
therapy in other cognitive domains or exposure to everyday
conversation.

Importantly, the regions that showed increased connectivity
consistently across participants after the control period were qual-
itatively different than those related to the treatment period. For
both abstract and concrete difference networks, connectivity
changes in L IFG and bilateral AG – regions important for semantic
processing (Binder et al., 2009; Price, 2012) – were unique to the
treatment period. These results suggest that, for these participants,
successful treatment may coincide with functional connectivity
changes in regions within the semantic network, and that these
same changes may not arise simply as a function of time following
the onset of the stroke. Additional work will be necessary to deter-
mine if such changes are truly specific to successful treatment (i.e.,
involving additional patients scanned pre- and post-control per-
iod), and if such changes are causally related to successful
outcomes.

4.2. Direct training effects

We hypothesized that direct training effects of treatment would
coincide with increased functional connectivity in the prescribed
abstract word network, specifically L IFG, L STG, and/or L MTG.
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Indeed, across participants who improved on the trained abstract
words (n = 9), increased functional connectivity was observed in
the prescribed abstract network and in additional regions, with
some overlap among networks (see Section 4.4). Importantly, the
highest node degree for the trained abstract difference network
was in L IFGtri, indicating that this may be an important node for
plasticity within in the prescribed abstract network. Similarly, this
region showed increased BOLD signal in the group analysis, sug-
gesting that L IFGtri is not only gaining more connections, but is
increasing activation and perhaps influence over established and
newly connected regions, further supporting the role of this region
in the improvement of abstract word processing,

4.3. Generalization effects

We hypothesized that generalization effects of treatment would
coincide with increased functional connectivity in the prescribed
concrete word network, specifically bilateral AG, L FFG, L PHG,
L SupMed, L SFG, L MFG, L PCN, and/or L PCC. Across participants
who generalized to the untrained concrete words in the same
context-category (n = 7), increased functional connectivity was
observed in the concrete difference network, with the highest node
degree in L SupMedandR IFGtri. L SupMed is oneof the regions in the
prescribed concrete network, but R IFGtri is not. However,
R IFGtri has been indicated as a supporting node to L IFGtri in
aphasia recovery (Turkeltaub, Messing, Norise, & Hamilton, 2011),
and our results remain consistent with a possible contribution of
this region in post-treatment networks.While L PCN, another region
in the prescribed concrete network, did not have the highest node
degree in the concrete difference network for this group, it did show
connectivity changes for 5 of the 7 generalizers. Similarly, L PCN
showed increased BOLD activation for generalizers as a group. This
suggests that while L PCN is not increasing its connectivity with a
high number of regions, it is increasing its activation, possibly
influencing established connections more. These results partially
support our hypothesis and underline the complimentary nature
of BOLD activation and functional connectivity analyses.

Unexpectedly, the two participants who did not generalize in
treatment also showed increased functional connectivity in the
prescribed concrete network, albeit in different nodes than gener-
alizers. For non-generalizers, the highest node degree in the con-
crete difference network was in L MFG and R IFGorb. In order to
tease apart the differences between generalizers and non-
generalizers, the remainder of this discussion will focus on the
comparison between treatment outcomes.

4.4. Differences in treatment outcomes

Because our participants did not all respond to treatment in the
same way, we were able to compare direct training effects, gener-
alization effects, and non-generalization effects. When considering
regions of increased functional connectivity with high agreement
among participants, we see considerable overlap between the
trained abstract difference network and the generalized concrete
difference network, including L AG, R AG, L IFGtri, R IFGtri, L IFGorb,
R IFGorb, L MFG, L SupMed, L PCN, and L pMTG. Of these regions,
only L IFGtri and bilateral AG are not also found in networks other
than the trained abstract difference network and the generalized
concrete difference network (see Fig. 6C). Thus, the regions that
are most important for success in treatment appear to be L IFGtri,
with higher node degree for the trained abstract difference net-
work than the generalized concrete difference network, and bilat-
eral AG, with higher node degree for the generalized concrete
difference network than the trained abstract difference network.
This is in line with previous neuroimaging studies showing prefer-
ential activation for abstract words in L IFG and preferential
activation for concrete words in bilateral AG (Binder et al., 2009;
Wang et al., 2010).

Interestingly, we also see regions of increased functional con-
nectivity that overlap among all treatment conditions, including
L MFG, L PCN, R IFGtri, and R IFGorb. Importantly, L MFG also over-
laps with the increases in functional connectivity seen after the
control period. Thus, L MFG may simply indicate baseline scan-
to-scan changes, while L PCN, R IFGtri, and R IFGorb may be related
to a general effect of treatment, but not necessarily success in
treatment. It is important to note here that practice effects were
assumed to be mitigated by practice with the task outside the
scanner prior to the first scan. These unexpected changes present
an interesting opportunity for future work examining scan-to-
scan fluctuations in functional connectivity that occur over time
in both healthy older adults and PWA. Recent neuroimaging work
has shown good test–retest reliability on graph theoretical mea-
sures for resting state (Wang et al., 2011) and task-based (e.g.,
working memory, emotion processing) functional connectivity
(Cao et al., 2014) in healthy young adults. Guo et al. (2012) also
found good test–retest reliability on graph theoretical measures
for resting state functional connectivity in healthy older adults.
However, test–retest reliability for task-based functional connec-
tivity specific to language tasks in healthy older adults, let alone
PWA, has not yet been established.

Perhaps more compelling are the bilaterality and laterality
biases related to treatment outcome, such that success in treat-
ment coincides with not only more within-hemisphere changes,
but specifically left-lateralized changes in connectivity, while fail-
ure to generalize coincides with right-lateralized changes in con-
nectivity. While there was, naturally, individual variability, this
lateralization effect does not appear to be related to the number
of LH versus RH fROIs (see Section 3.4.5), nor to lesion size, since
LI was not correlated with lesion size for either the abstract
(r = �.35, p = .36) or concrete (r = �.50, p = .17) networks.

In addition to these results, there are several aspects of this
study that are innovative and represent advancements in the
ability to account for individual variability while performing a
group-level analysis. First, we used fROIs based on condition-
specific activations for each individual. This allows not only the
use of many ROIs, but also a varying number of ROIs for each indi-
vidual, which is uncommon in functional connectivity analyses.
We also used a graph theoretical approach to functional connectiv-
ity analysis which allowed a comparison across participants while
taking into account individual variability. Node degree has not yet
been explored in the examination of changes in functional connec-
tivity associated with treatment gains, but is particularly well-
suited to explore changes in functional connectivity at both the
individual level and across participants, and collapses results to
the familiar level of individual regions of interest. Further, we
applied a laterality index (and devised and applied a similar index
of bilaterality) to a functional connectivity analysis, which proved
to be effective in teasing apart differences between generalizers
and non-generalizers.

4.5. Limitations

One limitation of this study was the small number of partici-
pants who served as their own controls. While their data was infor-
mative, the comparison of changes that occur after a control period
versus after treatment would be more powerful with additional
participants. Similarly, a healthy control group would have pro-
vided information regarding normal scan-to-scan fluctuations that
occur over time, providing a context for the current results. Addi-
tionally, we only had two participants who did not generalize in
treatment. It would be more informative to be able to compare a
more balanced group of generalizers versus non-generalizers; how-
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ever, since this treatment was designed to promote generalization,
it would be difficult to amass a large group of non-generalizers.

Another limitation of this study is that the Word Judgment task
used in the scanner was different than the word generation task
used to probe direct training and generalization effects during
treatment; however, it is important to note that the task used in
the scanner was a training step used in treatment. While it is
preferable to exactly mirror the task used in the scanner to the task
used to probe treatment effects in order to create a stronger link
between the behavioral and neurophysiological outcomes of treat-
ment, we believe the WJ task allowed us to capture changes in
functional connectivity that reflect a fundamental change in the
semantic network that resulted from treatment, not just increased
generative naming. Specifically, because performance on the WJ
task remained relatively stable from pre- to post-treatment (and
assuming no change in the noise structure of the residual time ser-
ies from pre- to post-treatment), we should have similar power
before and after treatment for our comparisons, meaning that
whatever change we are measuring is not reflecting an increase
in data points, but an actual change in the dynamics of semantic
processing. Additionally, by grouping and analyzing the data based
upon treatment outcomes, we have imposed a link between the
behavioral and neurophysiological outcomes. We find it especially
convincing that although the task used in the scanner did not
exactly mirror the task used to probe treatment effects, functional
connectivity changes did mirror treatment outcomes.

5. Conclusion

In this study, we aimed to shed light on the underlying neural
mechanism of generalization from abstract to concrete words by
comparing functional connectivity patterns of neural systems
engaged in abstract and concrete word processing in PWA before
and after a word generation treatment. Like Abutalebi et al.
(2009), Sarasso et al. (2010), and Vitali et al. (2010), we found that
direct training effects coincided with increased functional connec-
tivity. Specifically, we found that across PWA who responded to
treatment, L IFGtri appears to be an important node of plasticity,
increasing its activation and communication with other brain areas
in response to treatment when abstract words are trained. Like
Vitali et al. (2010), we observed similarities between the trained
and generalized difference networks, with L IFG and bilateral AG
surfacing as important nodes of plasticity for success in treatment.
Additionally, we observed differences between the generalized and
non-generalized difference networks, both in terms of regional
node degree and hemispheric laterality, indicating a distinct effect
of success in treatment on connectivity changes. Because training
abstract words is not the only way to promote generalization,
future research testing this notion in other modes of generalization
will help uncover the neural mechanisms that promote effective
relearning in persons with aphasia. This information is expected
to help guide the development of more effective and efficient treat-
ments for aphasia.
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