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Abstract
Background: Language outcomes after speech and language therapy in post-stroke aphasia are challenging to predict. This study examines behavioral
language measures and resting state fMRI (rsfMRI) as prognostics for response to language therapy.

Methods: Seventy patients with chronic aphasia were recruited and treated for one of three de�cits: anomia, agrammatism, or dysgraphia. Treatment effect
was measured by performance on a treatment-speci�c language measure, assessed before and after three months of language therapy. Each patient also
underwent an additional 27 language assessments and an fMRI scan at baseline. Patient scans were decomposed into 20 components by group independent
component analysis, and each component time series was summarized by its fractional amplitude of low-frequency �uctuations (fALFF).

Results: Treatment effects were modelled with elastic net regression, using clinical language measures and fALFF imaging predictors independently.
Correlation analyses showed high performance for language measures in anomia (r = 0.958, n = 30) and for fALFF predictors in agrammatism (r = 0.940, n =
11) and dysgraphia (r = 0.925, n = 18). These models are state-of-the-art for aphasia recovery prediction.

Conclusion: Predicting aphasia recovery with rsfMRI features may outperform predictions from clinical language measures in some patient populations. This
suggests rsfMRI may have prognostic value for chronic aphasia patients undergoing language therapy. Differentiating patients who respond to therapy from
those who do not is a �rst step towards personalized treatment in post-stroke aphasia. 

1. Background
Post-stroke aphasia is an impairment in language communication or understanding that affects one third of stroke survivors (1–3). Aphasia is managed with
speech and language therapy (SLT), which addresses patient-speci�c language de�cits through targeted training in order to improve functional
communication (4, 5). Although SLT is effective overall, a majority of patients will continue to experience chronic aphasia both acutely and chronically (6, 7).
Aphasia signi�cantly lowers functional independence and health-related quality of life, necessitating an improved approach to aphasia management (2, 8, 9).
While numerous alternatives to SLT and modi�cations of SLT have been tested, there is currently not enough evidence to recommend one form over another
(4). Optimization of SLT paradigms is limited by high variability in patient response - some patients fully recover while others experience little bene�t (10–13).
By better understanding the patient-level factors which drive response variability, it may be possible to suggest optimal SLT parameters for each patient, and
this personalized approach to SLT may ultimately lead to a more robust treatment approach (14).

Several diagnostic and clinical variables have been associated with the treatment response: particularly the aphasia type, aphasia severity, stroke lesion
location, and stroke lesion volume (9, 15). As a result, several attempts have been made to predict individual patient outcomes using these variables. The
SPEAK model combined several behavioral and clinical features to predict performance on the Aphasia Severity Rating Scale in 131 patients at 1-year after
stroke (R2 = 0.56) (16). A combination of baseline lesion variables and initial aphasia severity has been applied to predict sub-acute recovery in 20 patients (R2 
= 0.73) (17). In order to augment the predictive power of lesion variables, Halai et. al. investigate the overlap of patient lesions with known core language areas
to build a model of 21 behavioral measures of aphasia severity in 70 patients (mean R2 = 0.48) (18). This lesion-based approach to predicting
multidimensional aphasia outcomes is supported by earlier work showing that a pro�le of aphasia type and severity can be inferred from lesion location and
extent (19, 20). However, there remains considerable variance in patient outcomes that is incompletely explained by anatomical and behavioral variables alone
(21, 22).

Although functional neuroimaging has been used extensively to study aphasia, there is limited understanding of how including functional neuroimaging
variables in models of treatment response affects performance. Interpreting neuropsychological measures alongside data-driven and/or multi-modal
neuroimaging features has yielded effective baseline and longitudinal models of stroke aphasia severity (23–26). Resting-state functional MRI (rsfMRI) has
speci�cally demonstrated potential as an assessment tool, as patients with aphasia have observable differences in their resting functional connectivity and
resting networks as compared to healthy controls (27–29). Furthermore, the initial aphasia severity pro�le can be inferred from resting network activity, and
changes in global network activity tracks the extent of language recovery (30–33). These �ndings suggest that variables observed through functional
neuroimaging modalities may be complementary to anatomical and behavioral variables, and further study of predictive models include functional variables
may yield superior results (18).

In this study, we build predictive models of individual patient responses to SLT across three distinct aphasia treatments using behavioral and rsfMRI features.
We then investigate the relative contribution of speci�c behavioral and rsfMRI features to each model. Our �rst goal is to improve the state-of-the-art in
modelling therapeutic response, as a step towards a clinically viable optimization model for SLT. Second, while many aphasia assessments have been
developed, their collective prognostic utility remains unknown. By identifying speci�c assessments which are useful to each aphasia type, we seek to optimize
the prognostic assessment battery and decrease testing burden on patients and practitioners. Lastly, the utility of rsfMRI in the prognosis of aphasia is
understudied, and successful rsfMRI-based models may motivate further study of this imaging modality as a clinical assessment tool.

2. Methods

2.1 Recruitment and Assessment
Patients with chronic aphasia were recruited from the local metropolitan area of three sites: Boston University (BU), Northwestern University (NU), and Johns
Hopkins University (JHU). All patients presented with aphasia resulting from a single left-hemisphere thromboembolic or hemorrhagic stroke, were at least
one-year post-stroke, and had no other impairments that impacted the ability to complete the behavioral or neural tasks (e.g. vision and hearing was within
normal limits). All were monolingual English-speaking, had at least a high school education, and completed a written consent form approved by every site’s
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Institutional Review Board (IRB). Patients were independently recruited, diagnosed and treated for one aphasia type at each site: anomia at BU (N = 30),
agrammatism at NU (N = 16), and dysgraphia at JHU (N = 24).

Aphasia is primarily diagnosed and assessed through language assessments, such as the Western Aphasia Battery (WAB) (34). However, the WAB lacks
sensitivity to lexical-semantic, sentence processing, and spelling de�cits, and supplementary language measures must also be performed to capture the full
range of aphasic de�cits (35–37). Although many language measures have been developed for this purpose, relatively few have been assessed for
psychometric validity (38–41). As a result, there is a lack of consensus on the optimal aphasia assessment battery, and the prognostic properties of existing
measures are largely unknown. In order to better understand the relative utility of aphasia assessments, we collected a broad range of language and cognitive
measures (see Table 1). Each patient was also assessed on one of three treatment-speci�c measures (TSM), which served as the primary metric for evaluating
the baseline aphasia severity and the resulting treatment response. Patients also underwent comprehensive multi-modal imaging assessment, including T1
structural MRI, perfusion, diffusion, task-based and resting-state fMRI. The present study only examines the rsfMRI data.

Table 1
Language/Cognitive Assessment Battery. All measures and submeasures are assigned an acronym for reference in later �gures and analyses.
Measure (Acronym) Submeasures (Acronym)

Western Aphasia Battery (WAB)

(34)

Information Content (IC)

Fluency (FL)

Comprehension (CO)

Repetition (RE)

Naming (NA)

Northwestern Naming Battery (NNB) (63) Noun Comprension (NC)

Verb Comprehension (VC)

Noun Production (NP)

Verb Production (VP)

Northwestern Assessment of Verbs and Sentences (NAVS)

(64)

Canonical Sentence Comprehension Test (SCT-C)

Noncanonical Sentence Comprehension Test (SCT-N)

Canonical Sentence Production Priming Test (SPPT-C)

Noncanonical Sentence Production Priming Test (SPPT-N)

Psycholinguistic assessments of language processing in aphasia (PALPA) 1 (65) Phonological Discrimination

PALPA 35 Reading Regular (RE)

Reading Exception (EX)

PALPA 40 Spelling High Frequency Words (HF)

Spelling Low Frequency Words (LF)

PALPA 51 Semantic Association: High Imageability (HI)

Semantic Association: Low Imageability (LI)

Pyramids and Palm Trees (PPT) (66) Semantic Association

Doors and People (D&P)

(67)

Explicit Memory

Cinderella Story (CIND)

(68)

Words per Minute (WPM)

Mean Length of Utterance - Words (MLW)

Mean Length of Utterance - Morphemes (MLM)

Digit Span (DS) Forwards (FOR)

Backwards (BAC)

Treatment-speci�c Measure (TSM) Object Naming or

Sentence Comprehension & Production or

Spelling Words

<Table 1 goes here>

2.2 Speech and Language Therapy



Page 4/15

Following baseline testing, each patient received a three month course of de�cit-speci�c SLT. The detailed treatment protocols have been described previously:
anomia patients underwent a typicality-based semantic treatment (42); Agrammatism patients received sentence comprehension and production treatment
through a Treatment of Underlying Forms program (43); dysgraphia patients underwent a spell-study-spell treatment protocol (44). The TSM was both before
and after completion of the treatment protocol in order to estimate the treatment response.

2.3 Image Acquisition
MRI scans were acquired using 3.0 T scanners (Siemens Skyra at BU, Siemens Trio/Prisma at NU, and Philips Intera at JHU). Imaging protocols were
harmonized across the sites to provide similar quality and timing. Structural images were collected using a 3D T1-weighted sequence (TR = 2300 ms, TE = 
2.91 ms, �ip angle = 9°, resolution = 1 mm3 isotropic). Whole brain functional images were collected using a gradient-echo T2*-weighted sequence (TR = 2 or
2.4 sec, TE = 20 ms, �ip angle = 90°, resolution = 1.72 × 1.72 × 3 mm, 210 or 175 volumes). Initial studies (�rst 5 NU subjects) used a 2 second TR, but
additional coverage was required to obtain whole brain data so TR was increased to 2.4 seconds. While NU and BU had one scan of 210 volumes, JHU
subjects received 2 runs of 175 volumes each, and only the scan with the highest temporal signal-to-noise ratio (tSNR) was included for analysis.

2.4 Image Preprocessing
All images were archived on NUNDA (Northwestern University Neuroimaging Data Archive, https://nunda.northwestern.edu) for storage and data analysis.
Upon arrival in the archive, image quality assurance (QA) was performed using automatic pipelines for functional and structural data. For fMRI data, a slice-
wise tSNR was calculated as the ratio of the mean signal to the standard deviation of the time course data from each slice, weighted by the number of brain
voxels in the slice. Poor-quality scans (tSNR < 100) were repeated or excluded from analysis.

Image preprocessing was performed using the NUNDA “Robust fMRI preprocessing pipeline”, which employs custom scripts built upon functions from AFNI,
FSL, and SPM software (45–47). First, the fMRI time series were despiked (AFNI 3dDespike) and coregistered to the mean image (AFNI 3dvolreg).
Normalization to standard MNI space was performed in a concatenated two-step procedure. A transformation aligning the �rst image in the fMRI time series
to the T1 was created using boundary based registration (FSL BBR) (48). This was combined with the nonlinear warp of the T1 to an MNI template of 2 × 2 × 
2 mm resolution (SPM Dartel Toolbox) (49). Structural images were corrected using enantiomorphic lesion transplant (SPM Clinical Toolbox) to minimize
distortion effects caused by warping brains with lesions (50, 51). Using the lesion mask as a reference, right hemisphere homologous tissue was mirrored into
the lesioned space to create a lesion-corrected left hemisphere. The optimal transform, calculated using the lesion-corrected brain, was then applied to the
native brain.

2.5 rsfMRI Analysis
The rsfMRI features which predict aphasia recovery are currently unknown, encouraging a data-driven approach. Group independent component analysis
(GICA) is a data-driven method of decomposing signals into underlying spatial and temporal components. Applied to rsfMRI, GICA may identify statistically
independent patterns of brain activity across subjects. These patterns may then be compared across subjects, permitting analysis of network activity within
and across groups. GICA also offers intrinsic noise �ltering, as noise which is statistically independent of the signal �lters into its own component. These
components can be �ltered out to perform group artifact removal, which has been demonstrated to be more reliable than artifact removal at the subject level
(52). Subjects from all sites were processed together to attenuate the impact of single-scanner artifacts on �nal components.

GICA was performed through the GIFT toolbox for MATLAB (53). Data were decomposed using default parameters (20 components, InfoMax algorithm).
Component projections clustered strongly across 100 random parameter initializations, indicating the chosen parameters were stable in our analysis (54).
GICA components were then backprojected, producing 20 spatial components and 20 corresponding time series for each subject. Only right-handed patients
were used for imaging analyses and imaging-based models due to alternate functional lateralization of language networks which would interfere with GICA-
based modelling.

Measurement of low-frequency oscillations is broadly used as a generalized activity metric in fMRI analyses, including studies in both stroke (55, 56) and
aphasia (57, 58). The fractional amplitude of low-frequency �uctuations (fALFF) is the ratio of power in the 0.01 Hz − 0.08 Hz band to the total power (59).
The fALFF was calculated for each time series of each component for each subject, then standardized such that the sum of a subject’s 20 fALFF values
equals one. This permits comparison of relative component power within a subject, and normalizes activity ranges prior to regression analyses. We combined
fALFF with GICA as a data reduction technique, whereby a series of functional volumes is summarized by an activity measure of 20 components. This
approach helps avoid over�tting by reducing problem dimensionality, and makes regression more feasible with the given sample sizes.

2.6 Model Construction and Validation
Prediction of post-treatment primary dependent measures was modeled using elastic net regression. This model was chosen because linear models are
relatively robust to lower sample sizes, and the elastic net penalty combats over�tting by combining L1 and L2 regularization (60). The relative contributions
of L1 and L2 regularization were controlled by coe�cient hyperparameters determined by leave-one-out cross-validation (LOOCV). Three separate models were
built for each de�cit type using pre-treatment data: (1) baseline TSM alone, (2) all language measures (including the TSM), or (3) fALFF alone. Model training
and validation was performed with the caret package in RStudio. Model performance was estimated through the correlation and median absolute deviation
(MAD) of the predicted post-treatment TSM with the actual post-treatment TSM.

2.7 Variable Importance
Backwards feature elimination was used to estimate the importance of individual measures due to high variable multicollinearity (Fig. 1, see below), which
can impede strict interpretation of linear model coe�cients. Instead, the median model correlation after LOOCV and 100 missing data imputations was
computed after removing one variable at a time. The variable which, when discarded, maximizes model performance is then removed from the pool and the
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process is repeated. The variable importance is then the difference in the model R2 with vs. without the removed variable. We interpret this as the percentage
of variability in the post-Tx TSM which is uniquely accounted for by that variable. Under this interpretation, variables with low or negative importance are not
strictly poor prognostic measures, but rather there exists another measure which contributes the same information more clearly.

3. Results

3.1 Participants
Demographics and aphasia severity for the 70 recruited participants are shown in Table 2. Of the participants who entered the study, one dropped immediately
and one passed away before completing testing. Both of these participants were completely excluded from analyses. Of the remaining 68 participants, one
dropped out and one suffered a hematoma during therapy. For these participants the baseline language measures were used, and the post-treatment
dependent measures were imputed. All baseline TSM data were collected, and 2.8% of the other baseline language measurements were missing due to
incomplete testing and/or lack of follow-up. Missing data were imputed by random forests (randomForest Package, R programming language) (61).
Imputation parameters were selected to minimize output variance. For subsequent analyses, model metrics are estimated across multiple imputations. In
addition, two agrammatism participants were scanned with a different sequence, and these subjects were removed from fALFF-based analyses.

Table 2
Subject Demographics and WABAQ by Language-Speci�c De�cit.

Attribute Anomia

(N = 30)

Agrammatism

(N = 16)

Dysgraphia

(N = 24)

p

Gender F: 10

M: 20

F: 5

M: 11

F: 9

M: 15

0.8995

Age 62.5 +/- 11.1 51 +/- 5.2 61.5 +/- 10.4 0.0005

Handedness L: 2

R: 28

L: 3

R: 13

L: 5

R: 19

0.2992

Education (Years) 16 +/- 1.5 16.5 +/- 2.2 16 +/- 3.0 0.0418

Months Post

Stroke

27.5 +/- 22.2 31 +/- 19.3 63.5 +/- 48.2 0.0186

Aphasia Severity (WABAQ) 62.2 +/- 32.5 74.85 +/- 14.1 83 +/- 15.4 0.0055

For categorical variables, counts by attribute and de�cit type are shown. Categorical variable p-values are calculated with a two-sided Fisher’s Exact Test. For
continuous variables, median +/- median absolute deviation is shown. Continuous variable p-values are calculated with a Kruskal-Wallis one-way analysis of
variance. Signi�cant p-values are bolded (p < 0.05).

Signi�cant differences were found to exist across the de�cit groups in age, years of education, months post-stroke, and overall aphasia severity. Relationships
between subject demographics and language measures or fALFF may be present across the aphasia subtypes. However, each aphasia subtype treatment is
modelled separately, limiting the confounding effect of group differences. Furthermore, demographic variables were not included in the model, since they have
not been found to be robust predictors of aphasia recovery (9).

3.2 Language/Cognitive Assessments
Correlations between the measures included in the language/cognitive battery are displayed in Fig. 1A. Hierarchical clustering was performed, using one
minus the Kendall’s Tau-b correlation as a distance metric between tests (Fig. 1B). Almost all measures correlated positively with all other measures, except for
the PALPA 1 and Doors & People measures. These measures clustered independently in the dendrogram. Correlations are especially high within a language
measure group (i.e. NAVS), and submeasures cluster together. The observed multicollinearity across measures is expected, since nearly all measures test an
aspect of language ability.

Figure 1: Multicollinearity across Baseline Language Measures. 1A: A shaded color-plot of the correlation matrix is shown. Due to imbalance in sample sizes,
correlations were �rst calculated within each language de�cit, and then averaged to yield the matrix shown here. Box colors correspond to pairwise Kendall’s
Tau-b values (red is positive, blue is negative correlation). Only pairwise complete observations were used (no imputation). Measures are generally correlated
with one another (mean pairwise correlation = 0.328). 1B: An association dendrogram of language measures is shown. Correlation distance is one minus the
absolute pairwise Kendall’s Tau correlation. The dendrogram formed by hierarchical clustering of the correlation distances is shown (Unweighted Pair Group
Method with Arithmetic Mean).

3.3 GICA Results
Averaged components from across subjects created through the GIFT toolbox are displayed in Fig. 2. The observed maps are a mix of known networks,
regions consisting of grey matter, regions known to be sensitive to physiologic motion, and the ventricles. This re�ects our minimal image preprocessing and
inclusion of all voxels within the brain. Some grey matter activation may be due to partial volume effects from cerebrospinal �uid motion. The identical
regression analyses were repeated with more heavily preprocessed data that accounts for motion and physiologic noise, however the prediction results could
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not be replicated. This implies that non-grey matter voxels may be driving the predictive power of the subsequent models, and is further interpreted in the
discussion.

Figure 2: Aggregate GICA Components. Backprojected spatial components were averaged across subjects to create aggregate component maps (shown).
Sagittal, axial, transverse planes are displayed about each component’s peak point. Color corresponds to the z-score of the voxel coe�cient (1-sided t test).
Colors are scaled to each component’s range (3 ≤ |z| ≤ |zpeak|). Red voxels are component correlated while blue voxels are component anticorrelated.

3.4 Treatment Response Modeling
Patient performance on the TSM increased signi�cantly over the course of treatment for all therapy groups: Anomia (p = 9.32E-9), Agrammatism (p = 3.05E-5),
Dysgraphia (p = 1.19E-7) (one-sided Exact Wilcoxon Signed Rank Test, 1000 imputations). First, we predicted post-Tx TSM using only the pre-Tx TSM as a
performance reference point for other models (Fig. 3). The error, correlation, and p-value are calculated for each model (one-sided t-test for Pearson
correlation). Post-Tx TSM after anomia treatment had a strong linear relationship to pre-Tx score (R = 0.902, N = 30, p = 5.0e-12, 95% CI: (0.833, 0.944), MAD = 
0.113). In the agrammatism group, pre-Tx TSM was a borderline-signi�cant predictor of post-Tx TSM (R = 0.385, N = 16, p = 0.070, 95% CI: (-0.075, 0.724), MAD 
= 0.165). The dysgraphia therapy had no linear relationship between pre-Tx and post-Tx TSM scores (R = 0.142, N = 22, p = 0.264, 95% CI: (-0.390, 0.571), MAD 
= 0.061). This is expected since the dysgraphia treatment trains individuals to a performance threshold. Therefore the post-Tx score was largely independent
of the pre-Tx score, and this pattern was re�ected in our model performance.

Figure 3: Predicting Post-Tx Language Outcome with Baseline TSM. Linear models which predict de�cit-speci�c measure after therapy were constructed for
each aphasia type. Black circles show the predicted score for each patient during LOOCV. Where multiple values exist due to imputation, the median value and
prediction are shown. The dashed line represents a perfect prediction. The LOWESS curve (locally-weighted polynomial regression, solid black line) shows
smoothed median predictions across 100 imputations. For each model, the median correlation across imputations is shown (convergence data available in
supplement).

3.4.1 Modeling with Language Measures
Next, we predicted post-Tx score on the de�cit-speci�c measure using all baseline scores on the cognitive/language assessment battery (28 predictors total,
Fig. 4). The effect of anomia treatment on the TSM again demonstrated a strong linear relationship (R = 0.958, N = 30, p = 5.0e-17, 95% CI: (0.922, 0.979), MAD 
= 0.075). This relationship was signi�cantly stronger than when only the pre-Tx TSM is used (p < 0.05). The agrammatism model demonstrated a statistically
signi�cant linear relationship (R = 0.589, N = 16, p = 0.0082, 95% CI: (0.245, 0.836), MAD = 0.132), but was not signi�cantly better than the TSM alone (p > 0.05).
The dysgraphia model also showed a statistically signi�cant relationship (R = 0.456, N = 22, p = 0.016, 95% CI: (0.125, 0.741), MAD: 0.105). However it misses
the general trend of the data and produces predictions with very high error. The magnitude of this error is not entirely captured by the MAD.

Figure 4: Predicting Post-Tx Language Outcome with Baseline Language Measures. Linear models which predict the TSM after therapy were constructed for
each aphasia type. Black circles show the predicted score for each patient during LOOCV. Where multiple values exist due to imputation, the median value and
prediction are shown. The dashed line represents a perfect prediction. The LOWESS curve (locally-weighted polynomial regression, solid black line) shows
smoothed median predictions across 100 imputations. For each model, the median correlation across imputations is shown (convergence data available in
supplement).

3.4.2 Relative Importance of Language Predictors
Next we identi�ed which cognitive/language predictors contributed most to the predictive models performance (Table 3). Individual behavioral measure
importances were typically small - only 12% of the variables individually explained more than 5% of the outcome variance across all the aphasia types. This is
expected due to high multicollinearity and therefore redundant information across measures. For the anomia model, the baseline de�cit-speci�c measure was
the most important variable by far, explaining nearly 80% of outcome variability. SCT-N and PALPA40-HF followed in importance, which although small, likely
drive the signi�cant difference between the baseline de�cit measure and the full behavioral model. The agrammatism model was primarily driven by SPPT-C,
an agrammatism measure, and then the baseline TSM. Top variables in the dysgraphia model were PALPA35-EX and PALPA1. However the dysgraphia model
had very high error, limiting interpretability for important variables. Interestingly, D&P has high importance in both the agrammatism and dysgraphia models. A
follow-up analysis demonstrated positive regression coe�cients for all important tests in their respective models, with exception of SCT-N in the anomia
model.
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Table 3
Relative Importance of Behavioral Measures.

Language Measure Anomia

(N = 30)

Agrammatism

(N = 16)

Dysgraphia

(N = 22)

WAB-IC -0.25 -0.72 -0.45

WAB-FL 1.24 -2.25 -0.33

WAB-CO -0.35 1.64 -0.99

WAB-RE -0.37 0.80 -1.05

WAB-NA -0.21 -2.40 -0.67

NNB-NC -0.23 0.16 -0.26

NNB-VC -0.16 -1.13 -2.30

NNB-NP -0.27 -0.46 -0.78

NNB-VP -0.25 -4.11 -1.81

SCT-C 0.28 -2.16 -0.43

SCT-N 6.34 -1.59 -0.67

SPPT-C -0.30 40.67 0.36

SPPT-N 0.77 -2.16 1.07

PALPA1 0.81 -2.32 12.40

PPT 0.01 -0.15 -0.65

PALPA35-RE -0.18 -0.28 -2.15

PALPA35-EX 1.84 2.47 16.51

PALPA40-HF 3.42 -0.85 -1.70

PALPA40-LF -0.24 -3.38 -1.91

PALPA51-HI -0.69 -3.32 1.22

PALPA51-LI 0.22 -11.37 -1.78

CIND-WPM -0.23 -1.09 -0.27

CIND-MLW 0.26 9.79 -2.17

CIND-MLM -0.16 -2.34 -0.75

D&P -0.17 11.24 9.51

DS-FOR -0.18 -1.27 -0.73

DS-BAC 0.82 -1.49 -0.46

TSM 79.89 12.92 2.01

Variable importance within the predictive model was calculated by backwards feature elimination. As the TSM is collected at baseline by default, it was
always retained by the model. Importance is the percentage of variability in the post-Tx TSM explained by each baseline language measure. Variables with
higher importance contribute more to model performance, while low and negative values suggest a better alternative to that measure is available.

3.4.3 Modeling with fALFF Predictors
We next built prognostic models using only fALFF values of independent components (Fig. 5). There was a signi�cant drop in performance for the anomia
model (R = 0.366, N = 28, p = 0.028, 95% CI: (0.107, 0.650), MAD = 0.299). The model missed the overall trend of the data, but had a marginally signi�cant
statistical relationship. However, the fALFF agrammatism model was signi�cantly better than the behavioral model (R = 0.940, N = 11, p = 8.5e-6, 95% CI:
(0.730, 0.995), MAD = 0.030). Similar performance gains were seen in the dysgraphia model (R = 0.925, N = 18, p = 2.0e-8, 95% CI: (0.819, 0.973), MAD = 0.016).

Figure 5: Predicting Post-Tx Language Outcome with Baseline fALFF. Linear models which predict de�cit-speci�c measure after therapy were constructed for
each aphasia type. Black circles show the predicted score for each patient during LOOCV. Where multiple values exist due to imputation, the median value and
prediction are shown. The dashed line represents a perfect prediction. The LOWESS curve (locally-weighted polynomial regression, solid black line) shows
smoothed median predictions across 100 imputations. For each model, the median correlation across imputations is shown (convergence data available in
supplement).

3.4.4 Relative Importance of fALFF Predictors
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Identifying the most important components in fALFF-based models highlights the components which drive performance. For direct comparison to the
behavioral variable importance, we calculated importance of component fALFF with backwards feature elimination (Table 4). The anomia model was
primarily driven by components 2 and 16. Component 2 was unexpected since it has a large ventricular presence, although there is some insular activation as
well. This model has very high error so the signi�cance of the variable importances is hard to interpret. Component 1 accounts for almost 72% of the
agrammatism variability, and along with component 5 form the bulk of the model’s predictive power. The dysgraphia model importances are more distributed,
with components 9 and 18 scoring highest.

Table 4
Relative Variable Importance by Backwards Elimination.

Variable importance within the predictive model was
calculated by backwards feature elimination. Importance is
the percentage of variability in the post-Tx TSM explained
by each component. Components with higher importance
contribute more to model performance. Negative values

suggest a better alternative to that component is available.
GICA

Component

Anomia

(N = 28)

Agrammatism

(N = 11)

Dysgraphia

(N = 18)

1 -1.90 71.65 0.88

2 16.30 -0.41 0.00

3 -3.61 -0.29 -2.44

4 0.41 4.82 5.94

5 0.02 11.84 2.14

6 -2.03 0.06 -1.01

7 0.20 0.11 -0.80

8 3.57 0.73 8.07

9 -5.95 0.15 15.38

10 -0.44 -0.83 5.58

11 3.22 3.67 1.61

12 -3.85 1.62 -12.53

13 -1.10 3.34 6.79

14 -0.17 0.85 -0.68

15 -1.20 -0.25 8.66

16 11.48 -0.04 4.30

17 1.15 -2.19 10.76

18 0.45 1.31 22.56

19 0.83 -0.84 5.05

20 -3.18 -6.87 5.09

4. Discussion
We have presented several prognostic models for language recovery in stroke aphasia. Models based only on the treatment-speci�c measure (TSM)
performed surprisingly well in the anomia group. Adding the SCT-N (sentence comprehension) and PALPA40-HF (spelling) measures to the model signi�cantly
improved performance of the anomia model (r = 0.958 vs. r = 0.902). Although neither of these are anomia measures, this is expected because language sub-
measures are highly correlated (Fig. 1) and including anomic measures alongside the TSM may not contribute su�cient independent information. For the
agrammatism and dysgraphia groups, D&P was a surprisingly important and positive predictor of recovery. D&P is primarily a recall test, and correlates
comparatively weakly with the other tests. It is possible this test represents general cognitive abilities which generalize to aphasia recovery. Neither the
dysgraphia or agrammatism language-measure models performed particularly well, suggesting that general cognitive ability is the most important predictor of
recovery in the absence of more speci�c predictors.

Models based on the fractional amplitude of low-frequency �uctuations (fALFF) had strong performances in the agrammatism and dysgraphia groups. The
agrammatism model bene�ted most from the inclusion of component 1, while the dysgraphia model’s predictive power was more distributed across variables.
The fALFF model performed especially poorly in the anomia group. Anomia is one of the most common forms of post-stroke aphasia, and the brain lesions
which cause anomia are considerably less centralized than in other aphasic disorders (62). Prior work with our anomic participants has shown that relative
nonresponders have altered patterns of skill transfer (transitioning non-anomic language abilities into anomic recovery over the course of treatment) when
compared to responsive participants (42). The decentralization of brain lesions and varied patterns of skill transfer suggest that nonlinearities may be present
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in the neuroimaging features which exceed the capacity of the linear model. These limitations were not present in the behavioral models, as performance on
language measures account for de�ciencies across a language network. Splitting the patient population into anomia subtypes may improve fALFF model
performance in this group.

Several limitations were present in this study. First, model selection was constrained by sample size, to where linear models were the only practical choice. The
LOWESS curves had a sigmoid shape in a number of our models, suggesting a nonlinear relationship between the predicted and actual post-treatment TSMs
that could be recti�ed by a more complex model. Second, performing regression with more variables than subjects necessitated a linear model with heavy
regularization. While regularization improves model generalization, more accurate models could be realized with more samples. Inclusion of more subjects in
the study would permit creation of independent test and validation sets and a more accurate error estimate than can be achieved with cross-validation.
Subject recruitment was limited in part by the extensive testing which required several hours for each subject to complete. Group independent component
analysis (GICA) yielded several image components which lack clear interpretation as known functional brain networks. GICA components are averaged across
subject-level back-projected networks, creating spatially diffuse patterns that are hard to recognize. Despite this, components which predict therapeutic
response in our cohort more closely resemble physiologic motion than brain networks. When the data were preprocessed with correction for motion and
physiologic noise, the resulting components were not predictive. This implies that patterns of physiologic motion measured through rsfMRI may have
prognostic value for stroke aphasia recovery. The vessels and sinuses of the brain form a densely coupled �uid dynamic system which is perturbed by a
stroke. It is possible that aspects of neurovascular pathology are re�ected as alterations in physiologic motion. In this case, our GICA components may be
operating as proxy variables for measures of neurological health.

5. Conclusions
High-performance predictive models of individual response to therapy were trained for each aphasia de�cit type (r = 0.925–0.958). These models are the state-
of-the-art at the time of writing, and are among the �rst to extend associations between patient outcomes and variables to predictive model. Inclusion of
rsfMRI features resulted in models which far outperform language measures alone (SPEAK model, r = 0.75) (16). A prior model by Pustina et. al. applied both
lesion information and functional connectivity to create predictive models of four aphasia scores in 53 patients, with model correlations ranging between
0.79–0.88 (26). This indicates that language measures and rsfMRI should be applied together in order to determine outcomes for chronic aphasia patients,
and prompts further inquiry into the clinical utility of rsfMRI in post-stroke aphasia.

rsfMRI has several advantages over conventional language measures in aphasia assessment and prognosis. Language assessments have a limited range of
de�cit severity to which they are sensitive. In some cases, this limits assessment of changes in patients with severe or minor de�cits. These ceiling, �oor, and
discretization errors were observed in our data, limiting the sensitivity of assessment. rsfMRI offers a more continuous measure of brain activity, with potential
to equitably evaluate a wider range of patients. Creating an aphasia pro�le from rsfMRI may be easier in practice than re�ning a battery from existing
language measures. However there are challenges facing clinical adoption of rsfMRI for aphasia. Imaging is relatively expensive, and accessibility to quality
scanning varies across patient populations. It is challenging to image patients who are claustrophobic or unable to keep still. Non-right-handed subjects were
excluded from image-based analyses in our study since few were recruited. Larger studies will be needed to overcome the sample imbalance in handedness,
and this may prove problematic for imaging-based measures. Finally, rsfMRI relies on neurovascular coupling to detect changes in activity related to
connectivity. In persons with stroke there may be additional variability in sensitivity due to the physiological limitations of the rsfMRI scan.

In addition to predicting language outcomes for clinical purposes, prognostic models may help improve patient outcomes. Large matched cohorts or
randomized control trials are not practical to run in the exploratory phase of treatment optimization. An alternative is to model patient response to all existing
therapies, and match the patient to the therapy with highest expected performance. Repeating this analysis on other aphasia therapies will improve our
understanding of patient-level factors which are predictive of treatment response, and open the door to personalized aphasia therapy.
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Figures

Figure 1

Multicollinearity across Baseline Language Measures. 1A: A shaded color-plot of the correlation matrix is shown. Due to imbalance in sample sizes,
correlations were �rst calculated within each language de�cit, and then averaged to yield the matrix shown here. Box colors correspond to pairwise Kendall’s
Tau-b values (red is positive, blue is negative correlation). Only pairwise complete observations were used (no imputation). Measures are generally correlated
with one another (mean pairwise correlation = 0.328). 1B: An association dendrogram of language measures is shown. Correlation distance is one minus the
absolute pairwise Kendall’s Tau correlation. The dendrogram formed by hierarchical clustering of the correlation distances is shown (Unweighted Pair Group
Method with Arithmetic Mean).
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Figure 2

Aggregate GICA Components. Backprojected spatial components were averaged across subjects to create aggregate component maps (shown). Sagittal,
axial, transverse planes are displayed about each component’s peak point. Color corresponds to the z-score of the voxel coe�cient (1-sided t test). Colors are
scaled to each component’s range (3 < |z| < |zpeak|). Red voxels are component correlated while blue voxels are component anticorrelated.

Figure 3

Predicting Post-Tx Language Outcome with Baseline TSM. Linear models which predict de�cit-speci�c measure after therapy were constructed for each
aphasia type. Black circles show the predicted score for each patient during LOOCV. Where multiple values exist due to imputation, the median value and
prediction are shown. The dashed line represents a perfect prediction. The LOWESS curve (locally-weighted polynomial regression, solid black line) shows
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smoothed median predictions across 100 imputations. For each model, the median correlation across imputations is shown (convergence data available in
supplement).

Figure 4

Predicting Post-Tx Language Outcome with Baseline Language Measures. Linear models which predict the TSM after therapy were constructed for each
aphasia type. Black circles show the predicted score for each patient during LOOCV. Where multiple values exist due to imputation, the median value and
prediction are shown. The dashed line represents a perfect prediction. The LOWESS curve (locally-weighted polynomial regression, solid black line) shows
smoothed median predictions across 100 imputations. For each model, the median correlation across imputations is shown (convergence data available in
supplement).

Figure 5

Predicting Post-Tx Language Outcome with Baseline fALFF. Linear models which predict de�cit-speci�c measure after therapy were constructed for each
aphasia type. Black circles show the predicted score for each patient during LOOCV. Where multiple values exist due to imputation, the median value and
prediction are shown. The dashed line represents a perfect prediction. The LOWESS curve (locally-weighted polynomial regression, solid black line) shows
smoothed median predictions across 100 imputations. For each model, the median correlation across imputations is shown (convergence data available in
supplement).
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