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Abstract
Speech comprehension difficulties are ubiquitous to aging and hearing loss, particularly in noisy environments. Older adults’ 
poorer speech-in-noise (SIN) comprehension has been related to abnormal neural representations within various nodes 
(regions) of the speech network, but how senescent changes in hearing alter the transmission of brain signals remains unspeci-
fied. We measured electroencephalograms in older adults with and without mild hearing loss during a SIN identification task. 
Using functional connectivity and graph-theoretic analyses, we show that hearing-impaired (HI) listeners have more extended 
(less integrated) communication pathways and less efficient information exchange among widespread brain regions (larger 
network eccentricity) than their normal-hearing (NH) peers. Parameter optimized support vector machine classifiers applied 
to EEG connectivity data showed hearing status could be decoded (> 85% accuracy) solely using network-level descriptions 
of brain activity, but classification was particularly robust using left hemisphere connections. Notably, we found a reversal 
in directed neural signaling in left hemisphere dependent on hearing status among specific connections within the dorsal–
ventral speech pathways. NH listeners showed an overall net “bottom-up” signaling directed from auditory cortex (A1) to 
inferior frontal gyrus (IFG; Broca’s area), whereas the HI group showed the reverse signal (i.e., “top-down” Broca’s → A1). 
A similar flow reversal was noted between left IFG and motor cortex. Our full-brain connectivity results demonstrate that 
even mild forms of hearing loss alter how the brain routes information within the auditory–linguistic–motor loop.

Keywords EEG · Hearing loss · Functional connectivity · Graph theory · Machine learning · Global and nodal network 
features

Introduction

Age-related hearing loss is associated with declines in 
speech comprehension, which can lead to social isolation, 
confusion, and poorer quality of life in the elderly (Betle-
jewski 2006). Older adults’ speech comprehension issues 
are more prevalent in adverse (noisy) listening environ-
ments and occur even when hearing thresholds are con-
trolled (Bilodeau-Mercure et  al. 2015) or compensated 
using hearing aids (Ricketts and Hornsby 2005). Difficul-
ties with speech-in-noise (SIN) comprehension persist even 
without measurable hearing loss (Cruickshanks et al. 1998; 
Gordon-Salant and Fitzgibbons 1993; Strouse et al. 1998; 
Hutka et al. 2013; Konkle et al. 1977; Schneider et al. 2002; 
van Rooij and Plomp 1992), suggesting that speech under-
standing is not simply a matter of audibility (Gordon-Salant 
and Fitzgibbons 1993), but also involves central auditory 
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processes (Wong et al. 2010; Bidelman et al. 2014; Presacco 
et al. 2016; Martin and Jerger 2005) as well as interactions 
between perceptual and cognitive systems (Humes et al. 
2013; Anderson et al. 2013b; Pichora-Fuller et al. 2017).

Physiological evidence suggests that aging produces 
a cascade of changes in central auditory processing from 
the cochlea to cortex in both humans and animal models 
(e.g., Bidelman et al. 2014; Kujawa and Liberman 2006; 
Abdala and Dhar 2012; Presacco et al. 2016; Parthasarathy 
et al. 2014; Alain et al. 2014; Peelle and Wingfield 2016). 
Scalp recordings of event-related brain potentials (ERPs) 
have shown both decreases (Goodin et al. 1978; Brent et al. 
1976; Tremblay et al. 2003b) and increases in neural activ-
ity (Woods and Clayworth 1986; Pfefferbaum et al. 1980; 
Alain and Snyder 2008; Bidelman et al. 2014; Tremblay 
et al. 2003a) within various auditory–linguistic brain regions 
of old listeners. However, changes in the responsivity of 
any one brain region might be expected given the perva-
sive changes in neural excitation/inhibition (Caspary et al. 
2008; Parthasarathy and Bartlett 2011; Makary et al. 2011; 
Kujawa and Liberman 2006) and compensatory processing 
(Peelle et al. 2011; Du et al. 2016) that accumulate during 
the aging process. In our recent ERP studies, we showed that 
in addition to overall differences in the strength of neural 
encoding, aging is associated with increased redundancy 
(higher shared information) between brainstem and corti-
cal representations for speech (Bidelman et al. 2014, 2017, 
2019). These findings implied that SIN problems in older 
listeners might result from aberrant transmission of speech 
signals among auditory–linguistic brain regions in addition 
to diminished (or over-exaggerated) neural encoding. Relat-
edly, age-related deficits in interhemispheric processing are 
thought to account for some of the listening problems among 
seniors (Martin and Jerger 2005). However, few studies to 
date have investigated how age-related hearing loss alters 
functional brain connectivity, so these premises remain 
largely untested.

Several lines of research imply that age-related hearing 
loss might be associated with widespread changes in brain 
connectivity. Still, most studies have focused on structural 
changes (e.g., tractography, volumetrics). Diffusion tensor 
imaging suggests both sensorineural hearing loss and aging 
are associated with reduced white matter integrity along 
the brainstem–cortical pathways, including the inferior 
colliculus, auditory radiations, and superior temporal gyri 
(Lutz et al. 2007; Chang et al. 2004; Lin et al. 2008; Liu 
et al. 2015). Similar neuroanatomical findings have been 
reported in children with hearing loss and may be related to 
functional deficits during development (Propst et al. 2010). 
In older adults with normal hearing, functional connectiv-
ity of fMRI data reveal reduced coherence within the audi-
tory–linguistic–motor loop during complex speech percep-
tion tasks (Peelle et al. 2010). This suggests that the aging 

brain might have limited ability to coordinate the exchange 
of neural information between brain regions, ultimately lead-
ing to difficulty in speech comprehension. Still, in testing 
links between structural changes and speech perception, 
most studies have used tasks that require relatively com-
plex mental processes (e.g., semantic/syntactic processing, 
memory retrieval), faculties which are known to diminish 
with age (Schneider et al. 2005; Cohen 1979; Martin and 
Jerger 2005; Schneider et al. 2002). Age-related deficits in 
attention and/or memory are probably more egregious for 
sentence compared to simple word recognition (Schneider 
et al. 2002). Thus, it is unclear how (if) previous observed 
structural changes (1) carry functional consequences and (2) 
might account for older listeners’ difficulties merely encod-
ing or recognizing individual speech sounds without the 
assistance of context or lexical cues that aid comprehension 
(e.g., Schneider et al. 2002).

Increasingly, neuroimaging studies are probing functional 
connectomics including the default mode network and long-
range cortical connections outside the central auditory sys-
tem that accompany tinnitus and related sensorineural hear-
ing loss (Schlee et al. 2008; Schmidt et al. 2013; Boyen et al. 
2014). In relation to SIN processing, we recently reported 
that in younger normal-hearing adults, functional connectiv-
ity (neural signaling measured via EEG) directed between 
Broca’s area (inferior frontal gyrus, IFG) and primary audi-
tory cortex (A1) is stronger in individuals with better SIN 
perception (i.e., “good perceivers”; Bidelman et al. 2018). 
Presumably, auditory deprivation (e.g., hearing loss) may 
exacerbate such effects, leading to widespread deficits in 
the capacity to process information even beyond lemniscal 
auditory brain regions (Kral et al. 2016; Schlee et al. 2008). 
Under this notion, sensory impairments could alter or reduce 
effective connectivity between auditory and high-order brain 
regions subserving neurocognitive functions (e.g., memory, 
attention). This has led to speculations that certain forms 
of hearing loss might manifest as a “connectome disease” 
(Kral et al. 2016). Receptive speech function is affected by 
multiple aspects of the aging process including age itself 
(Bidelman et al. 2014; Anderson et al. 2012, 2013a), hearing 
loss (Bidelman et al. 2014), and comorbid cognitive impair-
ment (Bidelman et al. 2017; Khatun et al. 2019). Given the 
multifactored nature of aging and speech perception, it is 
reasonable to postulate that subtle (even pre-clinical) decline 
in hearing acuity may lead to complex changes in the brain 
networks supporting speech perception.

Extending previous fMRI work (Zhang et al. 2018), we 
examined different global and nodal graph-theoretic prop-
erties of the brain’s functional connectome during speech 
processing. We hypothesized that age-related hearing loss 
would be associated with altered cortical signaling within 
the dorsal–ventral pathways, and more specifically, the audi-
tory–linguistic–motor loop (Rauschecker and Scott 2009; 
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Du et al. 2014, 2016). These hubs are heavily implicated 
in SIN perception and may be particularly sensitive to the 
effects of age (e.g., Bidelman and Howell 2016; Bidelman 
et al. 2018; Alain et al. 2018; Bidelman and Dexter 2015; 
Du et al. 2016). To assess modulations in brain connectiv-
ity that accompany senescent changes in speech processing, 
we measured high-density neuroelectric responses (EEG) 
to speech in older adults with and without mild hearing 
loss during a speech identification task. Task difficulty was 
varied by presenting speech in clear and noise-degraded 
conditions. Neural classifiers were applied to EEG data to 
determine if hearing status could be decoded using solely 
functional patterns of brain connectivity to speech. Our find-
ings demonstrate hearing-impaired (HI) listeners have more 
extended communication pathways and less efficient infor-
mation exchange among brain regions than their normal-
hearing (NH) peers.

Methods

Analyses of the scalp/source-level ERPs and behavioral 
data associated with this dataset are reported in Bidelman 
et al. (2019). Here, we present new analyses of older adults’ 
functional brain connectivity during SIN perception using 
graph-theoretic and machine learning techniques.

Participants

Thirty-two older adults aged 52–75 years were recruited 
from the Greater Toronto Area to participate in our ongoing 
studies on aging and the auditory system (Bidelman et al. 

2019; Mahmud et al. 2018). None reported history of neu-
rological or psychiatric illness. Pure-tone audiometry was 
conducted at octave frequencies between 250 and 8000 Hz. 
Based on listeners’ hearing thresholds, the cohort was 
divided into normal and hearing-impaired groups (Fig. 1a). 
In this study, normal-hearing (NH; n = 13) listeners had 
average thresholds (250–8000 Hz) better than 25 dB HL 
across both ears, whereas listeners with hearing loss (HL; 
n = 19; hereafter also referred to as hearing-impaired (“HI”) 
listeners) had average thresholds poorer than 25 dB HL. 
This division resulted in pure-tone averages (PTAs) (i.e., 
mean of 500, 1000, 2000 Hz) that were ~ 10 dB better in NH 
compared to HL listeners (mean ± SD; NH: 15.3 ± 3.27 dB 
HL, HL: 26.4 ± 7.1 dB HL; t2.71 = − 5.95, p < 0.0001; NH 
range = 8.3–20.83 dB HL, HL range = 15.8–45 dB HL). 
This definition of hearing impairment further helped the 
post hoc matching of NH and HL listeners on other demo-
graphic variables while maintaining adequate sample sizes 
per group. Both groups had signs of age-related presbycu-
sis at very high frequencies (8000 Hz), which is typical in 
older adults (Cruickshanks et al. 1998). However, it should 
be noted that the audiometric thresholds of our NH listen-
ers were better than the hearing typically expected based 
on the age range of our cohort, even at higher frequencies 
(Pearson et al. 1995; Cruickshanks et al. 1998). Importantly, 
besides hearing, the groups did not differ statistically in age 
(NH: 66.2 ± 6.1 years, HL: 70.4 ± 4.9 years; t2.22 = − 2.05, 
p = 0.052) and gender distribution (NH: 5/8 male/female; 
HL: 11/8; Fisher’s exact test, p = 0.47). Importantly, age and 
hearing loss were not correlated in our sample (Pearson’s 
r = 0.29, p = 0.10). Cognitive function was not screened. 
However, we note that mild cognitive impairment (without 

Fig. 1  Behavioral data. a Audiograms of normal-hearing (NH) and 
hearing-impaired (HI) listeners. b Behavioral accuracy for detect-
ing infrequent /ta/ tokens in clear and noise-degraded conditions. 
Noise-related decline in behavioral performance was prominent but 

no group differences in speech perception were observed. c Reaction 
times (RTs) for speech detection were similar between groups and 
speech SNRs. Error bars = ± s.e.m., *p < 0.05
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hearing loss) actually increases brainstem and cortical 
speech-evoked potentials (Bidelman et al. 2017; Khatun 
et al. 2019). Older adults in this cohort showed weaker neu-
ral responses to speech than in our previous study (Bidel-
man et al. 2019), which is more consistent with hearing loss 
(Bidelman et al. 2014; Presacco et al. 2019). Moreover, cog-
nitively impaired older adults show more variable reactions 
times (RTs) in speeded speech identification tasks (Bidelman 
et al. 2017), which we do not observe in this cohort (see 
Fig. 1c). None of the participants had prior experience with 
hearing aids. All gave informed written consent in accord-
ance with a protocol approved by the Baycrest Hospital 
Human Subject Review Committee.

Stimuli and task

Three tokens from the standardized UCLA version of the 
Nonsense Syllable Test were used in this study (Dubno and 
Schaefer 1992). These tokens were naturally produced Eng-
lish consonant–vowel phonemes (/ba/, /pa/, and /ta/), spoken 
by a female talker. Each phoneme was 100 ms in duration 
and matched in terms of average RMS sound pressure level 
(SPL). Each had a common voice fundamental frequency 
(mean F0 = 150 Hz) and first and second formants (F1 = 885, 
F2 = 1389 Hz). CVs were presented in both clear (i.e., no 
noise) and noise conditions. For each condition, the stimu-
lus set included a total of 3000 /ba/, 3000 /pa/, and 210 /ta/ 
tokens (spread evenly over three blocks to allow for breaks).

For each block, speech tokens were presented back to 
back in random order with a jittered interstimulus interval 
(95–155 ms, 5 ms steps, uniform distribution). Frequent  
(/ba/, /pa/) and infrequent (/ta/) tokens were presented 
according to a pseudo-random schedule such that at least two 
frequent stimuli intervened between target /ta/ tokens. Lis-
teners were asked to respond each time they detected the tar-
get (/ta/) via a button press on the computer. Reaction time 
(RT) and detection accuracy (%) were logged. These proce-
dures were then repeated using an identical speech triplet 
mixed with eight talker noise babble (cf. Killion et al. 2004) 
at a signal-to-noise ratio (SNR) of + 10 dB. Thus, there were 
six blocks in total (three clear and three noise). The babble 
was presented continuously so that it was not time locked to 
the stimulus, providing a constant backdrop of interference 
in the noise condition (e.g., Alain et al. 2012; Bidelman and 
Howell 2016). Comparing behavioral performance between 
clear and degraded stimulus conditions allowed us to assess 
the impact of acoustic noise and differences between normal 
and hearing-impaired listeners in speech perception. This 
task ensured that EEGs were recorded online, during active 
speech perception rather than mere passive exposure.

Stimulus presentation was controlled by a MATLAB 
(The Mathworks, Inc.; Natick, MA) routed to a TDT RP2 
interface (Tucker-Davis Technologies; Alachua, FL) and 

delivered binaurally through insert earphones (ER-3; Ety-
motic Research; Elk Grove Village, IL). The speech stimuli 
were presented at an intensity of 75  dBA SPL (noise at 65 
 dBA SPL) using alternating polarity.

Electrophysiological recordings and data 
pre‑processing

During the behavioral task, neuroelectric activity was 
recorded from 32 channels at standard 10–20 electrode 
locations on the scalp (Oostenveld and Praamstra 2001). 
The montage included electrode coverage over fronto-
central (Fz, Fp1/2, F3/4, F7/8, F9/10, C3/4), temporal 
(T7/8, TP7/9, TP8/10), parietal (Pz, P3/4, P7/8), and 
occipital–cerebellar (Oz, O1/2, CB1/2, Iz) sites. Elec-
trodes placed along the zygomatic arch (FT9/10) and the 
outer canthi and superior/inferior orbit of the eye (IO1/2, 
LO1/2) monitored ocular activity and blink artifacts. Elec-
trode impedances were maintained at ≤ 5 kΩ. EEGs were 
digitized at a sampling rate of 20 kHz using SynAmps RT 
amplifiers (Compumedics Neuroscan; Charlotte, NC). Data 
were re-referenced offline to a common average reference 
for analyses.

Subsequent pre-processing was performed in  BESA® 
Research (v6.1) (BESA, GmbH). Ocular artifacts (sac-
cades and blinks) were first corrected in the continuous 
EEG using a principal component analysis (PCA) (Picton 
et al. 2000). Cleaned EEGs were then filtered (1–40 Hz), 
epoched (− 10–200 ms), baseline corrected to the pre-stim-
ulus period, and averaged in the time domain to derive 
ERPs for each stimulus condition per participant. Connec-
tivity results reported herein were collapsed across /ba/ 
and /pa/ tokens to reduce the dimensionality of the data. 
Infrequent /ta/ responses were not analyzed given the lim-
ited number of trials for this condition and to avoid time-
locked mismatch (e.g., MMN) and target-related activity 
(e.g., N2b and P3b waves) from confounding our data 
(Bidelman et al. 2019).

EEG source localization

Functional connectivity (described below) is spurious for 
scalp EEG that is a volume conducted mixture of brain sig-
nals (Bastos and Schoffelen 2016; Lai et al. 2018); it is only 
meaningful on “unmixed” source reconstructed responses. 
Hence, we analyzed our data in source space by perform-
ing a distributed source analysis to more directly assess the 
neural generators underlying speech-evoked neural activ-
ity (Bidelman and Howell 2016; Alain et al. 2017; Bidel-
man and Dexter 2015). Source reconstruction was imple-
mented in the MATLAB package Brainstorm (Tadel et al. 
2011). We used a realistic, boundary element model (BEM) 
volume conductor (Fuchs et al. 1998, 2002) standardized 
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to the MNI brain (Mazziotta et al. 1995). The BEM head 
model was created using the OpenMEEG (Gramfort et al. 
2010) as implemented in Brainstorm (Tadel et al. 2011). A 
BEM is less prone to spatial errors than other head models 
(e.g., concentric spherical conductor) (Fuchs et al. 2002). 
Essentially, the BEM model parcellates the cortical surface 
into 15,000 vertices and assigns a dipole at each vertex 
with orientation perpendicular to the cortical surface. The 
noise covariance matrix was estimated from the pre-stim-
ulus interval. We then used standard low-resolution brain 
electromagnetic tomography (sLORETA) to create inverse 
solutions (Pascual-Marqui et  al. 2002) as implemented 
in Brainstorm (Tadel et al. 2011). We used Brainstorm’s 
default regularization parameters (regularized noise covari-
ance = 0.1; SNR = 3.00). sLORETA provides a smoothness 
constraint that ensures the estimated current changes little 
between neighboring neural populations (Michel et al. 2004; 
Picton et al. 1999). sLORETA is better than other inverse 
solutions because of its smaller average localization error. 
While higher channel counts improve source localization, 
for a 32-ch electrode array as used here, best case estimates 
of localization error for sLORETA are as low as 1.45 mm 
(Song et al. 2015).1 From each sLORETA map, we extracted 
the time course of source activity within regions of interest 
(ROI) defined by the Desikan-Killany (DK) atlas parcella-
tion (Desikan et al. 2006). This atlas has 68 ROIs with 34 
in each of the left (LH) and right (RH) hemisphere. Time-
series data from each ROI were then used for full-brain func-
tional (effective) connectivity analyses, where each ROI was 
considered a “node” in a graph-theoretic description of the 
evoked brain activity (Friston 2011).

Undirected functional connectivity

We investigated weighted, undirected brain connectiv-
ity via a graph-theoretic approach (de Haan et al. 2009). 
Undirected functional connectivity reflects the statistical 
dependence of inter-regional brain activity. Graphs can be 
characterized by global (full-brain) and nodal (regional) 
measures. Each approach allows for different hypothesis 
testing of the data. Mathematically, a graph consists of 
vertices (nodes) and edges (connections among the nodes). 
We computed graphs of each participant’s ROI source data 
using the BRain Analysis using graPH theory (BRAPH) 

toolbox (Mijalkov et al. 2017). For a given pair of ROIs, the 
bivariate Pearson correlation was computed using the entire 
time-series signals (all time samples). This resulted in an 
index of the similarity (undirected) connectivity between 
the ROIs. This procedure was then repeated for all pairwise 
ROIs, resulting in a 68 × 68 adjacency matrix describing 
the connectivity across all sources in the brain network.2 
This described the signal dependences between all ROIs as 
a weighted sum between nodes [self-node weightings (e.g., 
A↔A) are not meaningful and were set to zero]. Because 
Pearson correlations are bi-directional, this estimated undi-
rected functional connectivity between all ROIs, similar to 
approaches in fMRI (e.g., Peelle et al. 2010). Note that the 
temporal dimension of the data is discarded in this analy-
sis, since correlations only considered signal correspond-
ence over the entire epoch window. Connectivity matrices 
were visualized on the template brain anatomy in BRAPH 
(Mijalkov et al. 2017), resulting in a network graph of the 
functional connectivity strength (paths) between all pair-
wise nodes (ROIs).3

Graph‑theoretic analysis of brain networks

Global (full-brain) graph properties. From the connectivity 
graphs, we used well-established graph-theoretic analysis to 
describe group differences in full-brain connectivity (Bassett 
and Bullmore 2006; Kaiser 2011). We measured 15 differ-
ent global measures from the full-brain connectivity graphs 

1 An array of 32 ch was used since our dataset included record-
ing of brainstem potentials (Bidelman et  al. 2019), which require a 
very high sample rate that taxes available throughput of our EEG 
system. Estimates indicate that the accuracy of LORETA for 32 ch 
is ~ 1.5 × less accurate than 64 ch (Michel et  al. 2004). Still, inverse 
methods were applied uniformly across all listeners/groups so while 
overall localization precision might be underestimated, this would not 
account for group differences.

2 BRAPH does not implement directed measures of connectivity 
(Mijalkov et  al. 2017) so our full-brain (global) analysis used undi-
rected measures. As such, our full-brain analysis offers a somewhat 
qualitative view of hearing-related changes in brain connectivity. 
Consequently, we used directed connectivity metrics (PTE) for spe-
cific hypothesis testing and to evaluate hearing-related changes in 
specific connections with the auditory–linguistic-motor loop (e.g., 
Fig.  7). Together, our undirected and directed analyses at the full-
brain and circuit level offer two complementary approaches that pro-
vide different, yet converging evidence for hearing-related changes in 
brain connectivity.
3 Our connectivity matrices were derived from source signals, which 
yield the most veridical estimate of functional brain connectivity 
(Bastos and Schoffelen 2016; Lai et al. 2018). Nevertheless, effects of 
field spread can never be fully abolished in EEG, even at the source 
level (Schoffelen and Gross 2009; Zhang et al. 2016) and correlated 
activity of adjacent sources reduces the accuracy of functional con-
nectivity analysis (for an excellent review of this tradeoff, see Schof-
felen and Gross 2009). However, proper interpretation of source con-
nectivity results can be achieved by analyzing the relative changes in 
connectivity caused by experimental manipulations (Schoffelen and 
Gross 2009). Thus, because field spread effects are identical across 
our experimental conditions (i.e., groups; noise levels) they subtract 
out and are unlikely to account for group differences. Moreover, our 
characterizations of topographic connectivity patterns (Figs. 2, 3, 4, 5 
6) reflect the organizational properties of the connectome at the full-
brain level and these measures show good reliability in the face of 
residual correlated activity (Hardmeier et al. 2014).
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using the BRAPH software (Mijalkov et al. 2017). These 
included global eccentricity, radius, diameter, characteristic 
path length, clustering, transitivity, modularity, assortativity 
and small-worldness. Only global graph metrics showing 
significant differences between normal and hearing-impaired 
adults are reported hereafter. These included characteris-
tic path length and eccentricity. Characteristic path length 
is the average shortest path length when considering all 
edges of the entire graph. Nodal eccentricity is the maximal 
shortest path length between a given node and any other 
node, whereas global eccentricity is the average of nodal 
eccentricities across the graph. Diameter is the maximum 
eccentricity, whereas radius is the minimum eccentricity. 
Detailed explanations and mathematical equations of these 
graph measures are reported elsewhere (Harris et al. 2008; 
Rubinov and Sporns 2010).

To test for differences in connectivity between groups, 
we used non-parametric permutation tests (Benjamini and 
Hochberg 1995). The data were reshuffled N = 1000 times 
resulting in a p value describing the statistical contrast 
between groups. In each iteration, the difference between 
groups was computed and then the empirical distribution 
tested against a null hypothesis of 0 mean group difference 
to compute the p value. BRAPH does not provide a straight-
forward means to correct for multiple comparisons on global 
measures so these measures were uncorrected.

Focal (nodal) graph properties. Nodal measures rep-
resent different properties of each node of a graph. Using 
BRAPH, we computed 12 nodal measures (degree, strength, 
triangles, eccentricity, path length, global efficiency nodes, 
local efficiency nodes, clustering nodes, betweenness cen-
trality, closeness centrality, within module degree z score, 
and participation) for each node. We investigated nodal 
graph properties within the full-brain network to test specific 
hypotheses regarding physiological changes in auditory–lin-
guistic brain regions that might be sensitive to cognitive 
aging (e.g., Du et al. 2016) and degraded speech perception 
(e.g., Bidelman et al. 2018; Bidelman and Howell 2016; Du 
et al. 2014; Scott and Johnsrude 2003; Alain et al. 2018). 
These included four specific ROIs within each hemisphere 
(LH and RH) associated with speech processing including 
primary auditory cortex (A1; transverse temporal gyrus), 
primary motor cortex (M1; precentral gyrus), and Broca’s 
area [defined here as the pars opercularis (B1) and pars tri-
angularis (B2)]. These DK regions roughly correspond to 
Brodmann areas 41 (A1), BA 4 (M1), and BA 44/45 (B1, 
B2). As with global measures, permutation tests were used 
to assess group differences. Nodal measures were corrected 
for multiple comparisons using FDR correction (Benjamini 
and Hochberg 1995).

Directed functional connectivity (PTE): auditory–
linguistic–motor loop

Our full-brain approach considered undirected connectivity, 
which is limited to quantifying only the strength of commu-
nication within different neural channels. To test whether 
the direction (causality) of neural signaling changes with 
hearing impairment within the auditory–linguistic–motor 
loop, we measured directed functional connectivity using 
phase transfer entropy (PTE) (Lobier et al. 2014; Bidelman 
et al. 2018). PTE is advantageous because it is asymmetric 
so it can be computed bi-directionally (X → Y and Y → X) 
to identify causal, directional flow of information between 
interacting brain regions. PTE is also more powerful than 
other connectivity metrics (e.g., Granger causality), because 
it is model free and thus relaxes assumptions about data 
normality, which are often violated in EEG. Lastly, we have 
shown that PTE is sensitive to differences in directed neural 
signaling within auditory–linguistic pathways that account 
for individual differences in SIN perception in young adults 
(Bidelman et  al. 2018). Higher values of PTE indicate 
stronger connectivity, whereas PTE = 0 reflects no directed 
connectivity.

We measured PTE among the LH and RH ROIs that con-
stitute the auditory–linguistic–motor loop (A1, M1, B1, B2) 
as implemented in Brainstorm (Tadel et al. 2011). PTE was 
computed between all pairwise ROIs using full bandwidth 
(1–40 Hz) source waveforms. Values were normalized in 
the range − 0.5 to + 0.5 for each participant, where positive 
values denote information flow from A → B, and negative 
values B → A.4

SVM classification: predicting hearing loss 
from brain connectivity

We used parameter optimized support vector machine 
(SVM) classifiers to determine if group membership (i.e., 
NH vs. HI hearing status) could be determined solely from 
functional brain connectivity measures alone (cf. Bidelman 
et al. 2017). SVM is a popular classifier used to categorize 
non-linearly separable data. We extracted global measures 
that exhibited significant group differences and used them 
as a feature vector to segregate groups. This resulted in a 
variable space that included four global measures (diam-
eter, eccentricity, characteristic path length, and radius; see 
Fig. 2) as well as nodal eccentricity that defined each ROI 
(Fig. 4). These variables were then fed to an SVM clas-
sifier as an input feature vector. Separate SVM classifiers 
were trained and tested using different sets of connectivity 

4 This differs from Bidelman et  al. (2019), where PTE values were 
not normalized between ± 0.5.
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features including global, LH nodal, RH nodal, and combi-
nations of these features (global + nodal features).

Following previous studies (Park et al. 2011; Zhiwei and 
Minfen 2007), the data were split into a training and test set 
(80% and 20%, respectively). The choice of SVM kernel and 
tunable parameters (ɣ and C) affect classifier performance. 
Thus, during model training, we carried out a grid search to 
identify optimized parameters for the classifier that maxi-
mally distinguished groups in the test data. This resulted in 
the following parameter set for our data: C = 100, ɣ = 0.003, 
and kernel = “rbf.” Applying these parameters, SVM was 
then used to derive the support vectors from the training 
dataset based on learning the features (e.g., graph meas-
ures) and class labels (e.g., NH vs. HI) from the data. Once 
the model was trained, the resulting vectors were used to 
predict the unseen test data. Classifier performance was 
evaluated using fivefold cross-validation and was quantified 
using standard formulae for binary classification (accuracy, 
precision, and recall; Saito and Rehmsmeier 2015). Several 
SVMs were constructed using different combinations of 
global connectivity features, LH nodal features, RH nodal 
features and the combined nodal and global features. This 
allowed us to compare how full-brain versus specific hemi-
spheric connectivity might differentially predict the presence 
of hearing impairment.

Results

Behavioral data

Audiograms and behavioral responses (%, RTs) for the tar-
get speech detection task are shown per group in Fig. 1. 
Full analysis of these data is reported in Bidelman et al. 
(2019). Briefly, an ANOVA revealed a main effect of SNR 
on /ta/ detection accuracy, which was lower for noise-
degraded compared to clear speech [F1,30 = 5.66, p = 0.024; 
Fig. 1b]. However, groups differed neither in their accuracy 
[F1,30 = 0.01, p = 0.94] nor speed [F1,30 = 0.47, p = 0.49; 
Fig. 1c] of speech identification.

Functional connectivity

We calculated various global and nodal graph measures from 
each listener’s full-brain network. Global graph features that 
survived group-level permutation statistics are illustrated in 
Fig. 2. For clear speech, only three global measures reli-
ably distinguished the two groups: diameter, eccentricity, 
and characteristic path length were all larger for HI relative 
to NH listeners (Fig. 2a). For noise-degraded speech, only 
the radius (i.e., minimum eccentricity) of the connectivity 
network showed group differences (Fig. 2b), which was 
again larger for HI listeners. Characteristic path length is 
defined as the average shortest path length in the network. 

Fig. 2  Group comparison of mean global brain connectivity measures 
during clear and noise-degraded speech processing. a Graph meas-
ures of diameter, eccentricity, and characteristic path length were 
larger in HI compared to NH listeners when processing clear speech. 
b For noise-degraded speech, only radius measures of the network 
differed between groups. c Schematic of two functional brain net-
works varying in eccentricity (see Fig. 3 for raw data). High eccen-

tricity networks (like that of HI listeners) have more chain-like global 
configuration reflecting less integration and more long-range neural 
signaling; low eccentricity networks (like that of NH listeners) have 
configurations that are more integrated and “star-like.” After He et al. 
(2018). See text for definitions of graph metrics. *p < 0.05, error 
bars = ± s.e.m
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The eccentricity of a graph node is interpreted as the maxi-
mal shortest path length between a node and any other node 
and is related to the degree of integration in a network (van 
Lutterveld et al. 2017; He et al. 2018). Larger eccentric-
ity values reflect less integration and thus more long-range 
neural signaling. Networks with high eccentricity have more 
chain-like configuration reflecting less integration and more 
long-range neural signaling (Fig. 2c). Low eccentricity net-
works have more star-like configurations (He et al. 2018). 
Relatedly, radius and diameter are the minimum and maxi-
mum eccentricity, respectively.

Notable group differences were found in graph eccentric-
ity (Fig. 3). While larger eccentricity was observed in HI 
listeners across a majority of nodes, group differences were 
most prominent in frontal and temporal areas. Higher values 
of these network properties suggest that HI listeners have 
more extended communication pathways and less efficient 
information exchange with the full-brain connectome than 
NH listeners.

Nodal eccentricity measured in specific auditory (A1), 
motor (M1), and inferior frontal (Broca’s, B1/B2) ROIs of 
the left and right hemispheres is shown in Fig. 4. These 
regions were selected given their well-known role in 
degraded speech processing and cognitive aging (Alain 
et al. 2018). A four-way ANOVA (group × SNR × hemi-
sphere × ROI) conducted on nodal eccentricity revealed 

a main effect of group [F1,30 = 11.77, p = 0.002] as well 
as a group x SNR [F1,450 = 37.56, p < 0.0001] and hemi-
sphere × ROI interactions [F3,450 = 7.60, p < 0.0001]. To 
understand these interactions, we conducted separate analy-
ses by hemisphere and group. In both LH and RH, eccentric-
ity was modulated by both group and SNR [group × SNR, 
LH: F1,210 = 15.80, p < 0.0001; RH: F1,210 = 24.62, 
p < 0.0001]. Tukey–Kramer corrected multiple comparisons 
revealed left/right hemispheric differences in nodal eccen-
tricity among the NH group for A1 and M1. In contrast, 
only A1 showed hemispheric differences in the HI group. 
While all LH nodes showed larger eccentricity in the HI 
group across the board (Fig. 4a), these group differences 
were smaller in the RH and for noise-degraded speech 
(Fig. 4c, d). Contrasts by group showed that in HI listen-
ers, clean speech was associated with larger eccentricity 
than noisy speech but only in A1. In contrast, in NH listen-
ers, noisy speech produced greater eccentricity across all 
ROIs. Critically, eccentricity did not differ between groups 
in a control region seeded in lateral occipital (visual) cortex 
[clean: t30 = − 2.03, p = 0.051; noise: t30 = − 1.17, p = 0.25]. 
This provides converging evidence that group differences in 
neural connectivity were restricted to the auditory–linguistic 
networks for speech. Paralleling global connectivity results, 
these findings imply less efficient neural signaling among 
the auditory–linguistic–motor loop in individuals with mild 

Fig. 3  Group contrast of full-brain nodal eccentricity as a function of 
speech SNR. a Clear speech. b Noise-degraded speech. Hotter colors 
denote nodes of the DK atlas (Desikan et al. 2006) where HI listen-
ers showed larger interconnectivity (eccentricity) between network 
nodes [(i.e., HI > NH); cooler colors, NH > HI]. Note the stronger 
eccentricity in the HI group in frontal and temporal sites. Functional 

data are projected onto the BRAPH glass brain template (Mijalkov 
et al. 2017). For clarity, only select DK ROIs are labeled. FP, frontal 
pole; LO, lateral occipital; POP, pars opercularis (i.e., “B1”); PT, pars 
triangularis (i.e., “B2”); PC, precentral gyrus (i.e., “M1”); TRANS, 
transverse temporal gyrus (i.e., “A1”)
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age-related hearing loss. Moreover, while it is tempting to 
suggest HI listeners’ noise-related reduction in A1 eccentric-
ity reflects increased neural efficiency in noise, another inter-
pretation is that noise forced a more integrated (“star-like”, 
Fig. 2c) network arrangement surrounding auditory cortex 
in these listeners, perhaps due to increased listening effort 
(Lopez et al. 2014). The star-like network architecture could 
reflect neural compensation, whereby HI listeners tap any 
source of information available. This type of undifferentiated 
strategy is analogous to connectivity observed in children, 
where neural networks are still in nascent stages of matura-
tion (Gozzo et al. 2009). Still, some caution is warranted for 

this latter interpretation given this effect was only observed 
in A1 and HI listeners had larger eccentricity than NH across 
the board.

SVM classification of groups based on brain 
connectivity

Having established that properties of the brain’s functional 
connectome vary with hearing loss, we next aimed to predict 
(classify) group membership based on connectivity meas-
ures alone. Among the ROIs, nodal eccentricity showed the 
most widespread group differences (e.g., Figs. 3, 4). Sepa-
rate SVM classifiers were trained and tested using different 
sets of connectivity features including global, LH nodal, RH 
nodal, and combinations of these features (global + nodal 
features). SVM classification performance is shown in 
Table 1.

For clear speech, the classifier obtained maximum accu-
racy (86%) using the LH’s nodal measures as well as the 
combined feature set. Classification was less successful 
using RH measures (71%). Similarly, classification was 
generally poorer using connectivity data in the noise condi-
tion, regardless of which feature set was submitted to the 
classifier. Noise-related changes in classifier performance 
were not observed using LH nodal features, indicating LH 
was robust in identifying groups regardless of speech SNR. 
These findings suggest that while changes in neural signal-
ing occur in both hemispheres, LH connectivity dominates 
the differentiation of NH and HI groups based on patterns 
of brain connectivity.

Relations between functional connectivity 
and hearing loss

To assess whether brain connectivity was predicted by the 
severity of listeners’ hearing loss, we conducted Spearman 
correlations between behavioral audiometric thresholds 

Fig. 4  Age-related hearing loss is associated with more extended 
pathways of neural communication, particularly in the left hemi-
sphere. Average eccentricity within specific nodes of the auditory–
linguistic–motor loop in left (LH) and right (RH) hemispheres. a, b 
Clear speech. c, d Noise-degraded speech. While HI listeners show 
increased network eccentricity, group differences are largest in LH. 
A1, primary auditory cortex; M1, primary motor cortex; B1–B2, Bro-
ca’s area (pars opercularis and pars triangularis). Error bars = ± s.e.m

Table 1  SVM classifier 
performance (%) distinguishing 
hearing status (NH vs. HI) using 
brain connectivity measures

Classification is based on nodal eccentricity measured within ROIs of the auditory–linguistic–motor loop. 
AUC  area under the receiver operating characteristic (ROC) curve. F1 score = 2(precision × recall)/(preci-
sion + recall). Values are averaged between groups. Chance level is 50%
LH left hemisphere, RH right hemisphere

Speech stimulus Measure Global features Nodal and global 
features

Nodal features 
of LH

Nodal 
features of 
RH

Clear Accuracy 71.4 85.7 85.7 71.4
AUC 75.0 87.5 87.5 70.8
F1 score 70.0 86.0 86.0 71.0

Noise Accuracy 57.1 57.1 85.7 57.1
AUC 50.0 50.0 83.3 50.0
F1 score 42.0 42.0 85.0 42.0
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(average 250–8000  Hz) and ROI-specific connectivity. 
Correlations are shown for the entire sample as well as 
per group in Figs. 5 and 6. Overall across our sample, we 
found strong associations between bilateral A1 eccentricity 
evoked by clear speech and behavioral thresholds (Fig. 5a, 
b; r = 0.41–0.48, ps < 0.02), whereby larger eccentricity was 
linked with poorer hearing. As might be expected from the 
lack of age difference among groups, this effect was inde-
pendent of age, which did not correlate with A1 eccentricity 
(p > 0.071). The correlation for noise responses across the 
sample was not significant (Fig. 5c, d). Bilateral M1 eccen-
tricity was also associated with thresholds for clear speech 
(Fig. 6a, b; r = 0.47–0.58 ps < 0.01). Interestingly, for noise-
degraded speech, we found links between M1 responses in 
the LH and hearing thresholds (Fig. 6c; r = 0.37, p = 0.0379), 
which again was not predicted by age (r = 0.31, p = 0.08). 
Again, more severe hearing impairment predicted increased 
eccentricity—implying increased inter-regional communica-
tion (see Fig. 2c). Similarly, regional network eccentricity 
in Broca’s area and its RH homologue were also associated 
with hearing status (r = 0.42–0.48, ps < 0.0161; FDR cor-
rected) but not age (ps > 0.07) (data not shown), implying 
that changes in inferior prefrontal connectivity were asso-
ciated with age-related hearing loss. No other correlations 
were significant. Collectively, these results provide a link 
between graph-theoretic measures of dorsal–ventral con-
nectivity and the severity of listeners’ hearing impairment.

Directed connectivity within the auditory–
linguistic–motor loop

Our prior analyses focused on undirected measures of neural 
signaling, which cannot reveal directional flow (causality) 
of neural signaling within the auditory–linguistic–motor 
loop that might be important for understanding mechanis-
tic changes from hearing loss. Consequently, we measured 
directed connectivity within the auditory–linguistic–motor 
loop using PTE (Lobier et al. 2014) (Fig. 7). This analysis 
was limited to LH nodes since those were the most distinct 
regions in segregating groups via SVM classification (e.g., 
Table 1). Within the A1↔Broca’s (B1) connection, a two-
way ANOVA (group x SNR) revealed a main effect of group 
[F1,30 = 7.50, p = 0.0103], with stronger connectivity in NH 
listeners across the board. The NH listeners showed “bot-
tom-up” signaling directed from A1 → Broca’s, whereas the 
HI group showed the reverse, i.e., “top-down” Broca’s → A1 
signaling. Connectivity also was modulated by both SNR 
and group within the Broca’s → M1 pathway [SNR x group 
interaction: F1,30 = 3.96, p = 0.05]. Tukey–Kramer adjusted 
contrasts revealed this was attributable to a noise-related 
change neural signaling within the HI group; the NH group 
did not show a noise decrement. This suggests that in HI lis-
teners, with added noise, communication between linguistic 

Fig. 5  Connectivity in/outflow of auditory cortex is associated with 
hearing acuity. a, b Correlations between A1 connectivity during 
clear speech processing and hearing thresholds. Both LH and RH 
connectivity covaries with hearing acuity; larger eccentricity is linked 
with more severe hearing loss. c, d A1 eccentricity in the noise con-
dition is not related to audiometric thresholds when considering all 
listeners. Solid lines, significant correlations; dotted lines, n.s. Bold 
italics = correlations surviving FDR correction across SNR and hemi-
sphere. *p < 0.05, **p < 0.01, ***p < 0.001

Fig. 6  Connectivity in/outflow of motor cortex is associated with 
hearing acuity for both clear and noise-degraded speech. Hearing 
loss is predicted by M1 connectivity in both LH and RH for clear and 
noise-degraded speech. Otherwise as in Fig. 5



2671Brain Structure and Function (2019) 224:2661–2676 

1 3

and motor areas reverses from Broca’s driving M1 to M1 
driving Broca’s activation.

As a control, we assessed PTE between lateral occipi-
tal (visual) cortex and M1, since this pathway should not 
be engaged in our auditory-based task. As expected, left 
hemisphere LO → M1 connectivity did not differ between 
groups for either SNR [clean: t30 = − 0.55, p = 0.59; noise: 
t30 = 1.32, p = 0.195]. This confirms group differences in 
directed connectivity were largely restricted to the audi-
tory–linguistic–motor loop, pathways necessary for our SIN 
listening task.

Discussion

By measuring functional connectivity via EEG during dif-
ficult SIN perception tasks, we demonstrate that age-related 
hearing loss is associated with changes in neural signaling 
at both the full-brain and regional (local) levels. Our results 
imply that HI listeners’ communication pathways supporting 

cocktail party speech perception are less efficient in routing 
information among auditory–linguistic, frontal, and motor 
regions compared to normal-hearing older adults. Among 
the dorsal–ventral pathways for speech, we found a surpris-
ing reversal in directed functional connectivity dependent on 
hearing status. Within the very same pathways, we observed 
a reorganization in the directional flow of neural signaling 
that changes states from a “bottom-up” to “top-down” con-
figuration with hearing loss.

At the micro- and mesoscopic levels, several mechanisms 
might contribute to senescent changes in SIN perception 
including reduced neural inhibition and increased “sluggish-
ness” of the system (Caspary et al. 2008; Anderson et al. 
2010), neural deafferentation (Kujawa and Liberman 2006), 
cortical thinning (Salat et al. 2004; Bilodeau-Mercure et al. 
2015), and increased “neural noise” (Salthouse and Lichty 
1985; Bidelman et al. 2014). From a macroscopic perspec-
tive, tinnitus-inducing hearing loss has been associated with 
a reduction in functional connectivity between brainstem 
inferior colliculus and cortical auditory relays, suggesting 
a failure of thalamic gating between subcortical and corti-
cal auditory processing (Boyen et al. 2014). Similarly, in 
the same listeners as reported here, we have shown that 
brainstem–cortical afferent signaling directed from the infe-
rior colliculus to primary auditory cortex is modulated by 
mild hearing loss and predicts older adults’ SIN perception 
(Bidelman et al. 2019). Aging has also been associated with 
decreased entropy (more commonality) between brain states 
that leads to less perceptual–cognitive flexibility (Bidelman 
et al. 2014; Garrett et al. 2013) as well as global shifts in 
brain dynamics from a more posterior to anterior functioning 
system (Zhang et al. 2017).

Global and regional changes in functional 
connectivity with age‑related hearing loss

We extend previous neuroimaging studies by demonstrating 
pervasive group differences in full-brain functional connec-
tivity that covary with hearing loss. Graph-theoretic meas-
ures of undirected global connectivity revealed that HI lis-
teners had larger network eccentricity, diameter, radius, and 
characteristic path length than NH listeners. While brain-
wide, these differences were largest in frontotemporal areas 
(Fig. 3). Given the definitions of these graph measures (van 
Lutterveld et al. 2017; Mijalkov et al. 2017; He et al. 2018), 
our results imply that HI listeners have longer communica-
tion pathways and less efficient or integrated information 
exchange than NH listeners (see Fig. 2c). In other words, HI 
brains have increased in/outflow of functional connectivity 
characterized by more inter-regional signaling brainwide, 
but particularly in LH. Although our speech detection task 
was simplistic, we note that neural effects were observed 
absent of any group differences in perception (Fig.  1). 

Fig. 7  Directional flow of neural signaling within the dorsal–ven-
tral stream reverses with age-related hearing loss. a Clear speech. b 
Noise-degraded speech. Values represent the strength of connectivity 
within LH computed via phase transfer entropy (Lobier et al. 2014), 
whereas the direction (causality) of communication is determined by 
sign. Arrows denote flow from region A → B. The NH listeners show 
signaling directed from A1 → Broca’s (pars opercularis), whereas the 
HI group shows the reverse (Broca’s → A1), suggesting bottom-up 
versus top-down configurations within the same pathway dependent 
on hearing status. During noise-degraded speech, communication 
between linguistic and motor areas reverses from Broca’s driving M1 
to M1 driving Broca’s, but only in HI listeners (cf. green connection, 
A vs. B)
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Thus, our global connectivity results suggest that even mild 
degrees of age-related hearing loss produce broad neural 
reorganization at the full-brain level, which may occur prior 
to the emergence of perceptual SIN deficits.

We found similar connectivity effects when considering 
specific dorsal–ventral hubs of the auditory–linguistic–motor 
loop. Auditory (A1), motor (M1), and inferior frontal 
regions (Broca’s; B1/B2) showed larger nodal eccentricity 
in HI compared to NH listeners, particularly in LH (Fig. 4a). 
Group differences in connectivity were smaller in these same 
regions in RH and for noise-degraded speech (Fig. 4c, d). 
Both behavior (Fig. 1a) and neural (e.g., ERPs; Bidelman 
et al. 2019) responses to speech are weaker in the noise con-
dition, which could result in poorer estimates of connectivity 
and more muted group effects for noise-degraded speech. 
Moreover, neural SVM classifiers showed functional con-
nectivity among left A1-M1-Broca’s nodes was superior at 
distinguishing NH and HI listeners (Table 1). The leftward 
bias in the predictive value of our connectivity data is per-
haps expected given the well-known left lateralization of 
speech processing, particularly for SIN perception (Bidel-
man and Howell 2016; Alain et al. 2018). Still, results sug-
gest that in addition to global changes in brain connectomics 
(Fig. 3), inter-regional signaling within the dorsal–ventral 
speech pathways differs in older adults with hearing loss. 
Previous studies have shown that hemispheric asymmetry is 
correlated with SIN perception (Javad et al. 2014; Bidelman 
and Howell 2016; Thompson et al. 2016). Our connectivity 
data extend these findings by revealing that in addition to 
diminished (or over-exaggerated) neural encoding within 
individual brain regions (Bidelman et al. 2014, 2017; Pre-
sacco et al. 2016), hearing loss in older adults is associated 
with aberrant transmission of information within the audi-
tory–linguistic pathways. This notion is further supported 
by our correlational analyses, which showed A1, M1, and 
IFG (Broca’s) connectivity was associated with hearing sta-
tus, even when considering the HL group alone (Figs. 5, 
6). This indicates that the severity of hearing loss (not just 
presence or absence) is predicted by functional connectivity 
measures. Given that regional eccentricity was larger in HI 
listeners, our findings suggest that reduced hearing acuity is 
associated with increased in/outflow of information within 
the auditory–linguistic–motor loop. This may reflect a form 
of neural compensation and over-recruitment of additional 
resources to achieve successful speech perception (Wong 
et al. 2009; Du et al. 2016).

Our data converge with studies demonstrating aging is 
associated with increased activation of frontal and motor 
cortex that helps compensate for impaired SIN perception in 
older adults (Du et al. 2016; Bilodeau-Mercure et al. 2015). 
Using fMRI, Du et al. (2016) showed that older listeners 
have greater specificity of phoneme representations in fron-
tal articulatory regions compared to auditory brain areas. 

Age-dependent intelligibility effects were also observed in 
sensorimotor and left dorsal anterior insula by Bilodeau-
Mercure et al. (2015). Similarly, we find that in older HI 
listeners, frontal–motor signaling is routed from motor to 
linguistic brain areas (M1 → Broca’s; Fig. 7b). Relatedly, 
the only link between M1 connectivity and hearing for 
noise-degraded speech was in the HI listeners’ LH (Fig. 6c). 
Assuming motor representations are more accurate depic-
tions of the speech signal in older adults (Du et al. 2016), 
increased M1 → Broca’s connectivity in HI listeners may 
reflect the need to transmit speech motor representations to 
linguistic brain areas to better decode impoverished speech 
representations in adverse listening situations.

Age‑related hearing loss reverses neural signaling 
within the dorsal–ventral pathway

Directional connectivity analysis revealed unique patterns 
of neural communication between groups. Among the dor-
sal–ventral pathways, we found a reversal in directed neural 
signaling that depended on both the clarity (SNR) of the 
speech signal and hearing status of the listener (Fig. 7). We 
have previously shown that functional connectivity within 
the A1↔IFG pathway predicts SIN perception in young, 
normal-hearing adults (Bidelman et al. 2018). However, our 
previous study examined A1↔IFG connectivity only under 
passive listening and in young adults, so a direct comparison 
to the current findings can only be loosely made. In the pre-
sent study, under active SIN perception in older listeners, we 
found this frontotemporal connection showed stronger con-
nectivity in NH listeners across the board. However, whereas 
NH listeners showed “bottom-up” signaling directed from 
A1 → Broca’s, HI listeners showed the reverse pattern (i.e., 
“top-down” Broca’s → A1 signaling). Similar effects were 
observed between IFG and motor cortex. With added noise, 
signaling between linguistic and motor areas reversed from 
Broca’s driving M1 to M1 driving Broca’s, but only in HI 
listeners (cf. Du et al. 2016). This is not to imply that neu-
ral signaling is only unidirectional within these pathways. 
Rather, our results imply that within the very same neural 
circuits, the predominant flow of signaling during SIN per-
ception changes states from a “bottom-up” to “top-down” 
system with hearing loss. This finding is also reminiscent 
of the apparent posterior–anterior shift in resting-state con-
nectivity that occurs with auditory aging (Zhang et al. 2017). 
New experiments are currently underway in our laboratory 
to directly compare how directed connectivity between 
A1↔IFG during SIN processing is modulated by age and 
attention.

Our data align with several models of cognitive aging, 
which suggest a rebalancing of bottom-up to top-down pro-
cessing depending on age-related deterioration of sensory 
cues and the need to maintain goal-oriented actions (West 
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1996; Zhuravleva et al. 2014). Decreased sensory input (i.e., 
hearing loss) would tend to deliver impoverished speech rep-
resentations to higher-order brain areas upon which to make 
behavioral selections (Grady et al. 1994; Tay et al. 2006). 
This may necessitate additional top-down control to com-
pensate for poorer speech input, thereby changing the rela-
tive weighting of auditory afferent versus efferent signaling 
(e.g., Bidelman et al. 2019). This notion further converges 
with the common cause hypothesis, which states that neither 
bottom-up nor top-down processing is disproportionately 
affected by aging, per se (Christensen et al. 2001). Rather, 
age-related deterioration occurs across all levels of the nerv-
ous system, including neurophysiological function regulat-
ing sensory–perceptual, motor, and cognitive processing. 
Indeed, the spared speech perception performance we find in 
HI listeners despite robust changes in their functional brain 
connectivity may reflect a form of widespread neural com-
pensation that emerges with age-related decline in hearing.

More broadly, the neural dynamics we observe within 
the auditory–linguistic–motor loop could reflect an ongo-
ing (re)balance between feedforward and feedback modes 
of this circuit that maintain a quasi-homeostasis to enable 
robust speech perception. In related studies on working 
memory, we showed that the directional flow of informa-
tion between sensory and frontal brain areas reverses when 
encoding versus maintaining items in the mind (encoding: 
sensory → frontal; maintenance: frontal → sensory), reveal-
ing feedforward and feedback modes in the same underlying 
brain network dependent on task demands (Bashivan et al. 
2014, 2017). The current results offer parallels within the 
auditory–linguistic–motor network during speech perception 
by suggesting a reversal of neural signaling within this cir-
cuit depending on the clarity (SNR) of the speech signal and 
characteristic of the listener (i.e., degree of hearing loss).

Our results are also consistent with the decline com-
pensation hypothesis (Wong et al. 2009) or related com-
pensation-related utilization of neural circuit hypothesis 
(Reuter-Lorenz and Cappell 2008). Both frameworks posit 
that with low levels of task complexity, brain regions are 
over-recruited in older adults, reflecting neural processing 
inefficiencies farther downstream. Under this interpretation, 
the minimal differences we find in HI listeners’ behavioral 
performance (Fig. 1) could result from the overactivation 
of speech-relevant networks to compensate for the patho-
physiological declines related to diminished hearing and 
maintain a computational output similar to NH individuals. 
Previous studies have indeed suggested higher functional 
connectivity in older adults with reduced cognitive function 
(Lopez et al. 2014). Under this interpretation, older adults 
with lower cognitive reserve—perhaps catalyzed by reduced 
hearing acuity (Lin et al. 2011, 2013)—may require greater 
“effort” to achieve the same level of performance thereby 
necessitating increased brainwide connectivity as observed 

here (Lopez et al. 2014). However, an argument against a 
general listening effort explanation is the fact that the speed 
of perceptual decisions (RT) did not vary across groups 
(Fig. 1c). Similarly, dedifferentiation frameworks (Li and 
Lindenberger 1999) suggest that age-related impairments 
stem from reductions in the fidelity of neural representa-
tions. In ongoing studies, we have found that age-related 
hearing loss (of similar degree as in the present study) 
reduces the fidelity of neural speech representations at both 
subcortical and cortical levels (Bidelman et al. 2014, 2017, 
2019) (see also Presacco et al. 2016).

In sum, our findings suggest strong links between age-
related changes in hearing and how information is (or is 
not) broadcast between sensory–perceptual, linguistic, and 
cognitive systems across the brain. Future studies might 
explore the extent and robustness of full-brain connectom-
ics as potential biomarkers of early stages of (subclinical) 
hearing loss.
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