
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Enhanced Brain Activation with Reduced Functional Connectivity in Stroke Patients: An 
EEG Study on Short-Term Working Memory

Permalink
https://escholarship.org/uc/item/3js351nd

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 48(0)

Authors
Xia, Haibin
Zhu, Li
Zhou, Lingmin
et al.

Publication Date
2026

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License, 
available at https://creativecommons.org/licenses/by/4.0/
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/3js351nd
https://escholarship.org/uc/item/3js351nd#author
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/


Enhanced Brain Activation with Reduced Functional Connectivity in Stroke
Patients: An EEG Study on Short-Term Working Memory

Haibin Xia1, Li Zhu2, Lingmin Zhou3, Feng Gao4, Guifen Yang5, Jiaru Dai6, Lei Jin7 & Wanzeng Kong18
1,2,3,6,7,8School of Computer Science and Technology, Hangzhou Dianzi University, Hangzhou, Zhejiang, China

4School of Medicine, The Second Affiliated Hospital of Zhejiang University, Hangzhou, Zhejiang, China
5Tongde Hospital of Zhejiang Province, Hangzhou, Zhejiang, China

Abstract

While stroke rehabilitation emphasizes motor recovery, the neu-
ral mechanisms underlying short-term memory (STM) impair-
ments—and corresponding compensatory processes—remain
underexplored. This study investigates the neurodynamics of
STM deficits by analyzing stage-specific brain activation and
functional connectivity during perception and decision-making.
Utilizing frequency-resolved electrophysiological measures, we
identify a distinct dissociation in neural plasticity: increased
theta-band power near lesion sites suggests adaptive compensa-
tion restoring global network efficiency, yet connectivity within
core STM regions remains localized and weak, particularly dur-
ing memory output. In contrast, higher-order cognitive deficits
are marked by significant reductions in gamma-band power and
network efficiency. By providing a stage-specific analysis of
functional communication, this research pinpoints where com-
pensatory efforts succeed or fail. Our findings offer a novel
framework for understanding post-stroke plasticity limits and a
targeted foundation for neuromodulatory interventions for cog-
nitive recovery.

Keywords: Stroke, Short-term memory, Functional connectiv-
ity, Compensatory mechanisms, Electrophysiology

Introduction
Stroke remains a primary driver of global disability, im-

posing a substantial burden on public health (W. Johnson et
al., 2016). While clinical interventions traditionally prioritize
motor rehabilitation, the pervasive impact of post-stroke cog-
nitive dysfunction is often underestimated, despite affecting
up to 70% of survivors (Lugtmeijer et al., 2021). Among these
deficits, short-term memory (STM) impairment acts as a criti-
cal bottleneck for functional independence. Unlike long-term
memory (LTM), which is frequently preserved due to frontal
sparing, STM relies heavily on posterior cortical regions that
are highly vulnerable to stroke-induced disruption (Andrade
et al., 2012; Nyberg et al., 2012). Since STM functions as
the obligatory gateway for encoding novel information into
LTM, its failure cascades into broader deficits, constraining
ancillary domains such as language processing (Norris, 2017;
Salis et al., 2015). Consequently, addressing STM decline
is not merely a specific therapeutic target but a foundational
requirement for broader cognitive recovery.

Dissecting the neural mechanisms of these impairments re-
quires high-resolution temporal analysis. Electroencephalog-
raphy (EEG) is particularly well-suited for this purpose, with

1Corresponding author(kongwanzeng@hdu.edu.cn).

established evidence linking theta and gamma oscillations to
the core dynamics of memory encoding and retrieval (E. L.
Johnson et al., 2020; Klimesch, 1996). Seminal research
demonstrates that theta power, in particular, scales with cog-
nitive load—mirroring hippocampal activity—while gamma
rhythms facilitate local processing (Klimesch et al., 1997;
Schack et al., 2002). However, a significant gap remains in
current literature: existing studies predominantly focus on
healthy populations or rely on single-channel spectral power
attributes (Singh et al., 2015). This reductionist approach is
insufficient for characterizing stroke pathology, as it overlooks
the critical role of inter-regional communication.

Emerging evidence suggests that cognitive function, partic-
ularly working memory, is an emergent property of coordi-
nated network integration rather than isolated local activity
(Shirer et al., 2012). To capture the true extent of post-stroke
deficits, it is essential to move beyond localized power anal-
ysis to the characterization of functional network topology.
Graph-theoretical approaches, utilizing metrics such as Phase-
Locking Value (PLV), offer a robust framework for quantifying
phase synchronization and inter-regional interactions. By ap-
plying these network-level measures to the theta and gamma
bands, we can effectively map the breakdown of functional
connectivity and identify the compensatory reorganization
mechanisms inherent to the post-stroke brain (Handayani et
al., 2018; Zeng et al., 2022).

Building on these advancements, this study integrates
phase-locking value network analysis with power spectral den-
sity analysis to conduct a comprehensive temporal and spatial
examination of EEG data from stroke patients. This approach
aims to uncover neural mechanisms underlying cognitive im-
pairments, providing insights into the interplay between brain
regions in this population. Specifically, we explore the under-
lying causes of short-term memory decline in stroke patients
through a comparative analysis approach. By examining EEG
activity during short-term memory tasks in both stroke pa-
tients and healthy controls, and further analyzing differences
between lesion and non-lesion brain regions, the research aims
to uncover the roles specific brain areas play in memory im-
pairment. Identifying relevant biomarkers, this study seeks to
provide targeted insights and strategies to support cognitive
rehabilitation in stroke patients. The key contributions of this
research include:

• Adapting the n-back paradigm to evaluate short-term
memory perception in stroke patients and clinically col-
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lecting comprehensive EEG datasets.
• Introducing a hybrid analytical framework that integrates

power spectral density (PSD) and phase-locking value
(PLV) to examine lesion effects and differentiate be-
tween the decoding and retrieval stages. This approach
reveals heightened brain activation near lesions but re-
duced functional connectivity.

• Investigating the influence of lesion regions on short-
term memory performance and uncovering compen-
satory mechanisms the brain employs to mitigate the
impact of these lesions.

Material and Methods
Framework of Our Analysis Pipe

As illustrated in Fig. 1, our analytical framework spans the
entire pipeline from experimental design to mechanistic ex-
ploration. Focusing on 𝜃 and 𝛾 oscillations, we analyzed
neural dynamics through two complementary lenses: Power
Spectral Density to map local spatial activation, and Phase
Locking Value to reconstruct functional networks. Within
these networks, the WKPN algorithm was employed to pin-
point critical hubs. By integrating these phase-based metrics
across distinct task stages, we elucidated the specific inter-
regional interactions that underpin short-term memory.

Experimental Design & Preprocessing
Participants and Experimental Protocol The study re-
cruited 20 participants, comprising 10 stroke survivors (eti-
ologies: hemorrhage, cerebral/lacunar infarction; mean dis-
ease duration: 15 months) and 10 healthy controls, under a
protocol approved by the Ethics Committee of Tongde Hos-
pital. To assess short-term memory while mitigating verbal
processing demands and cognitive fatigue, we administered
a modified 1-back paradigm using pictorial stimuli (Owen et
al., 2005). The session consisted of 50 pseudo-randomized
trials where participants identified immediate stimulus repeti-
tions. During the task, EEG data were continuously acquired
using a 64-channel wireless Neuracle system (sampling rate:
1000 Hz), with Ag/AgCl electrodes arranged according to the
international 10-20 system (Ground: Fz).

Preprocessing EEG data were re-referenced to the common
average and band-pass filtered between 0.05 and 50 Hz, with
a notch filter applied to eliminate power line interference. Oc-
ular artifacts were corrected using Independent Component
Analysis (ICA) (Albera et al., 2012). The continuous data
were then segmented into two distinct cognitive epochs rela-
tive to stimulus onset: an input phase (-2000 to 0 ms) and a
output phase (2000 to 8000 ms). Spectral analyses focused on
the 𝜃 (4–8 Hz) and 𝛾 (30–50 Hz) bands, following established
protocols for STM assessment (Jones et al., 2020).

Power Spectrum Density Computing
In order to analyze the frequency characteristics of EEG

data, the power spectrum is calculated through the following

steps (Ahirwal & Londhe, 2012):

PSD Computing. The power spectral density was computed
by squaring the magnitude of the Fourier coefficients and
averaging the results over multiple epochs (Youngworth et al.,
2005). The PSD, denoted as 𝑃[𝑘], quantifies the power of
each frequency component and is given by:

𝑃[𝑘] = 1
𝑁

|𝑋 [𝑘] |2 , (1)

where 𝑁 represents the total number of samples. This calcu-
lation reveals the power distribution of the EEG signals across
various frequency bands. Averaging over several epochs im-
proves the reliability of the PSD estimate by minimizing the
influence of transient artifacts and noise.

Normalization. To facilitate comparison and account for
individual variability, the power values were normalized. This
involved dividing the power within each frequency band by the
total power across all bands, yielding relative power values.
The normalized power 𝑃norm [𝑘] is defined as:

𝑃norm [𝑘] = 𝑃[𝑘]∑𝑁−1
𝑘=0 𝑃[𝑘]

(2)

Normalization helps eliminate inter-subject differences in
overall power, which can be influenced by factors like elec-
trode impedance and scalp conductivity. By focusing on rela-
tive power, we can make more accurate comparisons of neural
activity patterns across subjects and experimental conditions.
The power spectrum computation offered valuable insights
into the frequency characteristics of the EEG data, enabling
the identification of dominant oscillatory patterns and their
modulation under different experimental conditions. These
frequency-domain features were essential for understanding
the neural dynamics underlying cognitive processes and dif-
ferentiating between various states of brain activity.

Functional Connectivity
Constructing Brain Network. The human brain can be un-
derstood as a complex network defined by intricate connec-
tivity patterns. In our study, we focused on constructing brain
networks based on PLV within the theta and gamma frequency
bands. First, we extracted the data corresponding to these fre-
quency bands from the epoch data. Following this, we utilized
the Hilbert Transform to pairs of electrode signals 𝑥(𝑡) and
𝑦(𝑡) (Zhang et al., 2014), obtaining their analytic signals 𝑧𝑥 (𝑡)
and 𝑧𝑦 (𝑡), as defined by the following equations.

𝑧𝑥 (𝑡) = 𝑥(𝑡) + 𝑖𝐻𝑇 (𝑥(𝑡)),
𝑧𝑦 (𝑡) = 𝑦(𝑡) + 𝑖𝐻𝑇 (𝑦(𝑡)) (3)

The relative phase Δ𝜙(𝑡) between 𝑧𝑥 (𝑡) and 𝑧𝑦 (𝑡) was
also computed, and the corresponding PLV was calculated
as (Celka, 2007),

𝑃𝐿𝑉𝑥𝑦 =

�����1𝑛 𝑛∑︁
𝑘=1

𝑒𝑖Δ𝜙 (𝑡𝑘 )

����� , (4)
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Figure 1: Framework of our analysis pipe

where 𝑛 is the number of data points and 𝑡𝑘 represents the
time index. The resulting PLV ranges between 0 and 1. A
higher PLV indicates stronger phase synchronization between
the two signals, with a value of 1 signifying complete phase
alignment of one signal with the other.

Network topology properties. To derive the connection
weight matrix, we take the inverse of each element in the PLV
matrix. This method decreases the distance between nodes
with stronger connections, representing higher transmission
efficiency. The calculation is expressed as:

𝑑𝑖 𝑗 =
1

𝑃𝐿𝑉𝑖 𝑗
, (5)

Using 𝑑𝑖 𝑗 , we formed a brain connectivity computing with
the 59 EEG electrodes, which removes the 5 functional elec-
trodes. To characterize the connectivity of the network, we
applied metrics like global efficiency. Global efficiency mea-
sures the efficiency of information transfer across the network
and is defined as the inverse of the average shortest path length
between any pair of nodes. This metric reflects the network’s
overall connectivity and capacity for information transfer, and
is calculated as follows:

𝐸𝑔𝑙𝑜𝑏𝑎𝑙 =
1

𝑛(𝑛 − 1)
∑︁
𝑖≠ 𝑗

1
𝑑𝑖 𝑗
, (6)

Weighted K-Step Propagation Number (WKPN) Algo-
rithm. To quantify the influence of specific EEG channels
and lesion areas on global network cohesion, we employed the
Weighted K-Step Propagation Number (WKPN) algorithm.
Rooted in graph theory, this method evaluates node central-
ity by integrating topological structure with propagation effi-
ciency. The implementation proceeds as follows:

First, based on the edge weights 𝑑𝑖 𝑗 of the constructed brain
network, we defined the shortest path distance dist(𝑣𝑖 , 𝑣 𝑗 )
between nodes 𝑣𝑖 and 𝑣 𝑗 as the minimized sum of weights
along the path:

dist(𝑣𝑖 , 𝑣 𝑗 ) = min ©­«
∑︁

(𝑣𝑘 ,𝑣𝑙 ) ∈𝑃𝑖 𝑗

𝑑𝑘𝑙
ª®¬ , (7)

where 𝑃𝑖 𝑗 denotes the set of all possible paths connecting 𝑣𝑖
and 𝑣 𝑗 .

Next, let 𝑑 be the network diameter. For a given propaga-
tion radius 𝐾 ∈ [0, 𝑑], the 𝐾-step propagation number 𝑁𝐾𝑣𝑖

represents the count of nodes accessible from 𝑣𝑖 within dis-
tance 𝐾 . We then incorporated information entropy to derive
the 𝐾-step structural entropy 𝐻𝐾 of the entire network:

𝑁𝐾𝑣𝑖
=

��{𝑣 𝑗 | dist(𝑣𝑖 , 𝑣 𝑗 ) ≤ 𝐾}
�� (8)

𝐻𝐾 = −
𝑛∑︁
𝑖=1

𝑁𝐾𝑣𝑖∑𝑛
𝑗=1 𝑁

𝐾
𝑣 𝑗

log

(
𝑁𝐾𝑣𝑖∑𝑛
𝑗=1 𝑁

𝐾
𝑣 𝑗

)
. (9)
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Finally, the global importance score𝑄𝑣𝑖 for node 𝑣𝑖 is aggre-
gated across all steps from 𝐾 = 0 to 𝑑. This metric balances
the localized propagation capability with the global structural
entropy:

𝑄𝑣𝑖 =

𝑑∑︁
𝐾=0

(
1 − 𝐻𝐾 − min(𝐻)

max(𝐻) − min(𝐻)

)
×

(
𝑁𝐾𝑣𝑖 − min

(
𝑁𝐾

)
max

(
𝑁𝐾

)
− min

(
𝑁𝐾

) ) , (10)

where 𝐻 = {𝐻0, · · · , 𝐻𝑑} and 𝑁𝐾 represents the vector of
propagation numbers at step 𝐾 . By ranking nodes based on
𝑄𝑣𝑖 , we identified critical regions within the PLV-based brain
network, leveraging the algorithm’s validated robustness in
complex system analysis.

Temporal Segmentation of Working Memory
To dissociate the temporal dynamics of memory processing,

we operationalized the task into two functional stages aligned
with the component process model (Rypma & D’Esposito,
2000): (1) the Input stage, defined as the initial 2000ms stimu-
lus presentation window where sensory registration and main-
tenance occur; and (2) the Output stage, encompassing the
subsequent period requiring memory readout and decision-
making. This segmentation permits a granular analysis of
stage-specific neural deficits, distinguishing between encod-
ing failures and retrieval dysfunction.

Statistical Analysis.
Between-group differences in normalized PSD, mean PLV,

global efficiency, and WKPN metrics were assessed using
two-tailed independent-sample 𝑡-tests; within-patient stage
and lesion–non-lesion contrasts were assessed using paired
𝑡-tests.

Results
Experiment 1: Brain Activation Revealed by Power
Spectral Density Analysis in Stroke Patients and
Healthy Controls

Figure 2: Grand average topographic maps of theta and
gamma bands in healthy controls and stroke patients.

Fig. 2 presents group-averaged PSD topographies along-
side quantitative power comparisons, revealing a frequency-
dependent dissociation in neural reorganization. Globally,
stroke patients exhibited elevated power across both theta and
gamma bands, consistent with reports of pathological spectral
upregulation (Xu et al., 2024), while maintaining the canoni-
cal 1/f power distribution. Spatially, however, distinct activa-
tion patterns emerged. In the theta band, cohort-wide analysis
identified a subset of patients with abnormal energy surges
concentrated specifically within lesion territories, suggesting
a localized compensatory mechanism. In contrast, gamma ac-
tivity displayed a globally altered spatial distribution relative
to controls. These findings collectively highlight that post-
stroke reorganization manifests through both global power
amplification and regionally specific network alterations.

Experiment 2: The Two-Stage Mechanism of Brain
Activation in Short-Term Memory Perception

Following normalization to control for inter-subject vari-
ability, statistical analysis confirmed a significant global up-
regulation of spectral power in stroke survivors compared to
healthy controls across both input and output stages (𝑝 <

0.05). Specifically, the elevated theta power aligns with es-
tablished markers of reduced vigilance (Kamzanova et al.,
2014), suggesting that the post-stroke brain may resort to in-
efficient neural recruitment to maintain cognitive performance
(Hanouneh et al., 2018).

Topographical statistical mapping (Fig. 3) further localized
these spectral divergences. Significant group differences were
predominantly clustered in the occipital cortex, reinforcing its
critical role in visual STM processing. Crucially, a frequency-
dependent spatial dissociation emerged: electrodes exhibiting
significant deviations were notably more widespread in the
gamma band than in the theta band.

Figure 3: Electrode positions showing significant differences
between health and stroke patients across two stages

This dissociation implies distinct pathological mecha-
nisms. The widespread gamma alterations suggest that high-
frequency local processing—essential for feature binding and
sensory integration—is highly sensitive to post-stroke disrup-
tion. In contrast, the more focal theta differences may reflect
specific, localized compensatory reorganization within the vi-
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sual retention network. Collectively, these findings highlight
the occipital cortex as a primary locus of dysfunction and
suggest that gamma oscillations may serve as a more sensi-
tive biomarker for network-wide cognitive integrity than theta
rhythms.

Experiment 3: Functional Connectivity Revealed by
PLV in Stroke Patients and Healthy Controls

We evaluated whole-brain integration capacity via Global
Efficiency (𝐸𝑔𝑙𝑜𝑏) derived from PLV-based functional net-
works, revealing a marked frequency-dependent dissocia-
tion. While theta networks showed a non-significant trend
toward increased efficiency in patients (0.57 vs. 0.52),
gamma networks exhibited a significant reduction compared
to controls (0.52 vs. 0.59, 𝑝 < 0.05). This dissociation
suggests that stroke selectively impairs high-frequency inte-
gration—critical for binding distributed information—while
sparing or potentially reorganizing low-frequency substrates.

To validate the robustness of these topological findings,
we analyzed network density across a continuous range of
proportional thresholds (Fig. 4). Consistent with efficiency
metrics, theta connectivity remained indistinguishable be-
tween groups. Conversely, stroke survivors displayed pro-
found gamma hypoconnectivity, retaining significantly fewer
functional edges than controls regardless of the threshold ap-
plied. This stability confirms that the gamma efficiency deficit
stems from a widespread loss of functional connections rather
than arbitrary thresholding effects.

Figure 4: The number of gamma band PLV edges across
different thresholds

To elucidate the nodal hierarchy driving these topologi-
cal shifts, we applied the WKPN algorithm to map critical
network hubs (Fig. 5). A distinct frequency-dependent dis-
sociation emerged. The patient gamma network exhibited a
profound collapse of functional integration, characterized by
significantly reduced connectivity and global efficiency. This
breakdown suggests that stroke selectively disrupts the fast, lo-
cal synchronization mechanisms essential for feature binding,

thereby hindering the complex cognitive processing reliant on
high-frequency communication.

In stark contrast, the theta band demonstrated remarkable
topological resilience. Despite the presence of focal lesions,
global efficiency in patients remained statistically compa-
rable to that of healthy controls. Crucially, this preserva-
tion was mediated by a reorganization of connectivity path-
ways—specifically, the emergence of alternative long-range
coupling between frontal and occipital regions. These find-
ings suggest a compensatory strategy where the post-stroke
brain actively reroutes information via low-frequency chan-
nels to bypass the functional fragmentation of high-frequency
networks, maintaining a baseline of integrative capacity.

Experiment 4: The Two-Stage Mechanism of
Functional Connectivity in Short-Term Memory
Perception

To verify the temporal stability of these network alter-
ations, we segmented the analysis into input and output stages.
Temporal segmentation analysis confirmed the robustness of
frequency-dependent network alterations. Stroke patients
consistently exhibited reduced gamma-band global efficiency
(𝑝 < 0.05) alongside elevated theta efficiency, regardless of
task phase. This establishes that disrupted high-frequency in-
tegration is a stable, load-independent trait of the post-stroke
brain.

Crucially, nodal centrality revealed a stage-dependent "off-
loading" mechanism within the theta band. Functional re-
liance shifted significantly from lesion to non-lesion sub-
strates, with lesion node importance declining from the in-
put to the output stage (𝑝 < 0.05). This suggests that while
compromised regions may support initial sensory registration,
the network actively bypasses them during decision-making
to preserve cognitive performance.

Building on the significant PSD differences observed in
frontal and occipital regions—key hubs for short-term mem-
ory—we conducted a targeted subnetwork analysis of mean
PLV (Fig. 6). This revealed selective connectivity deficits: pa-
tients showed significantly reduced PLV compared to controls
within the occipital subnetwork (both theta and gamma bands)
and in long-range fronto-occipital connections (gamma band,
𝑝 < 0.05). No significant differences were found in other sub-
networks. These findings underscore a selective vulnerability
in post-stroke architecture: the disease primarily compro-
mises local occipital processing and high-frequency cross-
regional integration, thereby impairing visual and higher-
order cognitive functions while sparing other network com-
ponents.

Disscussion
Frequency-dependent Compensatory Mechanisms
and Network Reorganization

The present study reveals a distinct frequency-dependent
dissociation in post-stroke neural reorganization. The ob-
served elevation in theta band power near lesion sites, cou-
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Figure 5: The top seven nodes in the 𝜃 and 𝛾 band ranked by importance using the WKPN algorithm, along with the five
strongest connections for each node

Figure 6: Comparison of mean PLV in theta and gamma bands
in memory-related brain regions (Frontal and Occipital)

pled with preserved global network efficiency, points to a
localized compensatory process. This adaptation appears to
support foundational cognitive functions such as attention and
information registration, aligning with the role of theta os-
cillations in organizing cognitive resources (Sauseng et al.,
2010). In contrast, the gamma band exhibited a significant
decline in both power and global efficiency. Since gamma
oscillations are critical for rapid information integration and
cross-regional communication (Fitzgibbon et al., 2004), this
deficit reflects a weakened capacity for maintaining the com-
plex neural synchronization required for short-term memory.
The results suggest that while the post-stroke brain effectively
recruits low-frequency networks to maintain baseline func-
tion, it fails to sustain the high-frequency coherence necessary
for advanced information processing.

Stage-Specific Dynamics and Connectivity Deficits
Nodal analysis reveals that the impact of structural damage

is temporally specific. Lesion regions exerted a significantly
stronger influence on network topology during the output
stage relative to the input stage. This implies that while sen-
sory registration remains relatively robust, executive decision-
making and recall processes are disproportionately compro-
mised by lesion-induced perturbations. Anatomically, this
deficit is characterized by weakened fronto-occipital connec-
tivity. Furthermore, the dissociation between elevated theta
synchronization (linked to preserved long-term retrieval) and
suppressed gamma connectivity (underlying short-term mem-
ory deficits) supports the hypothesis that stroke selectively
impairs the active maintenance of novel information while
leaving consolidated knowledge structures relatively intact.

Conclusion
This study elucidates the neurodynamics of short-term

memory impairments in stroke patients by integrating analyses
of spectral power, functional connectivity, and inter-regional
information exchange. We specifically targeted potential com-
pensatory remodeling surrounding lesion territories. A dis-
tinct frequency-dependent dissociation emerged: In the theta
band, patients exhibited focal power surges near lesion sites
and preserved global network efficiency, suggesting an adap-
tive reorganization. However, connectivity within core STM
nodes remained compromised—particularly during the mem-
ory output stage—indicating that this compensation is func-
tionally incomplete. Conversely, the gamma band displayed
widespread reductions in both power and efficiency, reflect-
ing a breakdown in higher-order cognitive integration. These
findings delineate the limits of post-stroke plasticity and pro-
vide a critical neurophysiological foundation for developing
targeted STM rehabilitation interventions.
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