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Abstract
Background  Long-term sequelae of COVID-19 can result in reduced functionality of the central nervous system and sub-
standard quality of life. Gaining insight into the recovery trajectory of admitted COVID-19 patients on their cognitive per-
formance and global structural brain connectivity may allow a better understanding of the diseases' relevance.
Objectives  To assess whole-brain structural connectivity in former non-intensive-care unit (ICU)- and ICU-admitted 
COVID-19 survivors over 2 months following hospital discharge and correlate structural connectivity measures to cogni-
tive performance.
Methods  Participants underwent Magnetic Resonance Imaging brain scans and a cognitive test battery after hospital dis-
charge to evaluate structural connectivity and cognitive performance. Multilevel models were constructed for each graph 
measure and cognitive test, assessing the groups' influence, time since discharge, and interactions. Linear regression models 
estimated whether the graph measurements affected cognitive measures and whether they differed between ICU and non-
ICU patients.
Results  Six former ICU and six non-ICU patients completed the study. Across the various graph measures, the characteristic 
path length decreased over time (β = 0.97, p = 0.006). We detected no group-level effects (β = 1.07, p = 0.442) nor interaction 
effects (β = 1.02, p = 0.220). Cognitive performance improved for both non-ICU and ICU COVID-19 survivors on four out 
of seven cognitive tests 2 months later (p < 0.05).
Conclusion  Adverse effects of COVID-19 on brain functioning and structure abate over time. These results should be sup-
ported by future research including larger sample sizes, matched control groups of healthy non-infected individuals, and 
more extended follow-up periods.

Keywords  Magnetic resonance imaging · Recovery · SARS-CoV-2

Introduction

More than 350 million cases of coronavirus disease 2019 
(COVID-19) have been reported worldwide as of Febru-
ary 2022 and over 5.6 million people died due to COVID-
19 (European Centre for Disease Prevention and Control 
2022). Severe acute respiratory syndrome coronavirus 2 
(SARS-CoV-2) is the causative agent of COVID-19 (Gor-
balenya et al. 2020). Despite respiratory distress being the 
most characteristic symptom of COVID-19, SARS-CoV-2 
has neuroinvasive and neurotropic capabilities which may 
result in neuropathological consequences (Fotuhi et al. 2020; 
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Iadecola et al. 2020; Montalvan et al. 2020; Song et al. 2021; 
Yachou et al. 2020). Even mild COVID-19 is often sug-
gested to result in long-term consequences on the function-
ality of the central nervous system and on the quality of life 
(Duong 2021; Lu et al. 2020; Frontera et al. 2021b).

Neurological manifestations are estimated to be present 
in one third of COVID-19 patients (Mao et al. 2020). Both 
subjective neurological symptoms as well as objective neu-
rological signs are frequently reported (Liguori et al. 2020; 
Meppiel et al. 2021; Frontera et al. 2021a; Luigetti et al. 
2020; Bahranifard et al. 2021). A large longitudinal multi-
modal magnetic resonance imaging (MRI) study revealed 
the detrimental impact of COVID-19 on regional gray mat-
ter and whole-brain volume when comparing brain scans 
acquired from individuals before and after SARS-CoV-2 
infection with brain scans from a healthy control group 
(Douaud et al. 2022). An MRI-based follow-up study of 
COVID-19 patients using diffusion tensor imaging (DTI) 
found at the 3-month interval an overall decrease in mean 
diffusivity, axial diffusivity, and radial diffusivity in combi-
nation with an increase in fractional anisotropy compared 
to participants without COVID-19. Global mean diffusiv-
ity was negatively correlated with memory loss (Lu et al. 
2020). Contrasting observations were made by Yang et al. 
(2021). Using DTI, in combination with a local and whole-
brain graph theory analysis in recovered COVID-19 patients, 
decreased fractional anisotropy and increased mean- and 
radial diffusivity values in widespread brain regions were 
observed as well as significantly lower global efficiency and 
longer characteristic path length. Also, a less nodal local 
efficiency in the superior occipital gyrus was detected (Yang 
et al. 2021). Yet, both studies reported the observed white 
matter changes as unfavorable when comparing recovered 
COVID-19 patients to healthy controls. Further research 
is needed to investigate whether the deleterious impact 
of COVID-19 on white matter microstructure is partially 
reversible, or whether these unfavorable changes will persist 
both in the short and long term. Therefore, in this longitu-
dinal study, we will use graph theory with CSD tractogra-
phy-based structural connectomes to investigate changes in 
structural brain reorganization COVID-19 hospitalization.

Related to these adverse brain changes, considerable 
cognitive deficits were observed in the subacute stage of 
COVID-19 (Hosp et al. 2021) and in people who recovered 
from COVID-19 (Hampshire et al. 2021; Douaud et al. 
2022). Compromised cognitive functioning may lead to 
reduced work-related and functional outcomes for indi-
viduals recovering from COVID-19 with a potentially 
greater risk of cognitive decline and dementia in later life 
(Cothran et al. 2020; de Erausquin et al. 2021; Del Brutto 
et al. 2021b). The review by Hopkins and Jackson (2006) 
found that current critical illness research indicates that 
cognitive sequelae are commonly present after Intensive 

Care Unit (ICU) treatment and discharge. These cognitive 
impairments may be permanent and are associated with 
impairments in activities of daily living, lower quality of 
life, and inability to return to work (Hopkins and Jackson 
2006; Tasker and Menon 2016). However, there are some 
indications that cognitive functioning and brain structure 
might recover on the longer term. The prospective study 
of Kanberg and colleagues (Kanberg et al. 2021) noted 
normalization of plasma levels of central nervous system 
injury biomarkers in COVID-19 patients after 6 months 
regardless of previous disease severity. Another prospec-
tive study found a slow but evident recovery in neocortical 
dysfunction and cognitive impairments in eight chronic 
COVID-19 patients (Blazhenets et al. 2021). Even though 
these results are encouraging, longitudinal cognitive and 
neuroimaging studies are warranted to map recovery tra-
jectories and invest the neural basis of cognitive deficits 
in SARS-CoV-2 survivors.

Gaining insight in the recovery trajectory of admitted 
COVID-19 patients on cognitive performance and global 
structural brain connectivity may further contribute to bet-
ter understand the potential pathological relevance of the 
infection at the physiological, structural, and cognitive 
level. Moreover, to the best of our knowledge, it is cur-
rently unknown how structural brain connectivity and cog-
nitive performance evolve in the first month following dis-
charge from the ICU or the non-ICU COVID-19 ward. The 
current study assesses whole-brain structural connectivity 
in former non-ICU- and ICU-admitted COVID-19 survi-
vors. For a period up to 2 months after hospital discharge, 
recovered patients underwent several exams in order to 
determine clinical MRI data, graph theoretical measures 
derived from diffusion MRI (dMRI) tractography and cog-
nitive performance by means of standardized cognitive test 
battery assessing different cognitive domains. We hypoth-
esize that structural brain connectivity improves in both 
groups over a period of 2 months after hospital discharge. 
We also hypothesize that cognitive performance in terms 
of reaction time over different cognitive tasks improves 
in both groups over a period of 2 months after hospital 
discharge. Moreover, we hypothesize that structural brain 
connectivity and cognitive performance in terms of reac-
tion time would be worse in former ICU-treated COVID-
19 survivors compared to non-ICU-treated COVID-19 sur-
vivors. Furthermore, we aim to link these structural brain 
connectivity measures to cognitive performance.
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Methods

Study design, standard protocol approvals, 
registrations, and patient consents

This was a prospective observational single-center study 
performed at the University Hospital Brussels (UZ Brussel, 
Jette, Belgium). The study was approved by the Medical Eth-
ics Committee of the UZ Brussel (B.U.N. 1432020000338). 
The study protocol and procedures were registered and 
released on ClinicalTrials.gov Protocol Registration and 
Result System (NCT04726176) and are in accordance with 
the Declaration of Helsinki. Before participating in the 
study, all participants provided written informed consent 
and could ask further questions concerning the study.

Patient cohort and study protocol

We planned to enroll 20 patients who were admitted at the 
UZ Brussel with clinical signs of COVID-19 pneumonia to 
undergo a Magnetic Resonance Imaging (MRI) brain scan 
and a cognitive test battery twice. The first time was at 1–2 
months after hospital discharge, and a second time at 3–4 
months after hospital discharge. All tests and measurements 

were conducted at the department of Radiology-Magnetic 
Resonance (UZ Brussel). Only patients with a positive 
reverse transcriptase-polymerase chain reaction test (RT-
PCR) were included in this study. Both patients admitted on 
the Intensive Care Unit (ICU) and on the regular COVID-19 
ward (non-ICU) were eligible for inclusion.

Patient recruitment was performed by a radiology resi-
dent in collaboration with the department of infectious dis-
eases. A list of all hospitalized COVID-19 patients at the UZ 
Brussel was created by the Intensive Care Unit and Infectiol-
ogy Department. These patients were contacted personally 
by phone by an infectious disease specialist or were asked 
during a follow-up consultation whether they were willing to 
participate in this study. Patients willing to participate were 
then contacted by the radiology resident to further explain 
the study protocol.

Magnetic resonance imaging of the brain

Table 1 shows the detailed information of each brain imag-
ing technique. Brain MRI in supine position was conducted 
on a 3 Tesla MRI Ingenia scanner (Philips Medical Sys-
tems, Best, The Netherlands). The protocol contained axial 
2D-T2 weighted images, 3D T1-weighted spin-echo images, 
and diffusion-weighted imaging (DWI). A diffusion tensor 

Table 1   Characteristics of the different brain imaging techniques

2D T2w TSE 3D T1 3D SWI 3D-FLAIR DWI (3 directions) HARDI (48 directions)

FoV (RL, AP, FH) 
(mm)

183 × 230  × 149 160 × 230  × 230 178 × 230 × 130 159 × 230  × 230 230 × 230  × 149 224 × 224  × 120

Acquisition resolution 
(mm)

0.575 × 0.62 1 × 1 0.8 × 0.8 1.2 × 1.2 1.5 × 1.89 2 × 2

Slice thickness (+ gap) 
(mm)

4 + 1 1 2 1.2 4 + 1 2 + 0

Reconstruction resolu-
tion (mm)

0.45 × 0.45  × 4.0 0.53 × 0.53  × 0.50 0.3 × 0.3 × 1.0 0.6 × 0.6  × 0.6 0.9 × 0.9  × 4.0 2.0 × 2.0  × 2.0

BW/pix (Hz/pixel) 242.2 434.5 255.3 1112.8 20.0 16.8
BW in EPI freq dir 

(Hz/pixel)
1448.7 1872.0

Turbo field echoes 220 182
Turbo spin echoes 19
Number of echoes 4
Flip angle (degrees) 8 17
Echo time (ms) 80 2.3 7.2 337 111 127
Echo spacing (ms) 8 6.2 3.4
Repetition time (ms) 3432 5.2 31 4800 4561 5164
b-factor (s/mm2) 1000 3000
Acceleration technique CSENSE CSENSE CSENSE CSENSE SENSE SENSE + MULTI-

BAND
Acceleration factor 2 1.3 7 5.5 2 1.3 +  3 × multiband
Acquisition time 

(min:s)
00:55 03:19 01:14 04:05 00:55 04:24
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imaging (DTI) sequence was also performed (48 directions 
at a b value of 3000 s/mm2). After administration of a gado-
linium-based contrast agent (Dotarem®, Guerbet), suscepti-
bility-weighted imaging (SWI), 3D T1-weighted spin-echo 
images, and a late fat-saturated 3D-FLAIR were acquired.

On the second visit, a follow-up MRI examination for 
possible brain disease was done on the same MRI scanner, 
consisting of axial 2D-T2-weighted images, 3D T1-weighted 
spin-echo images, fat-saturated 3D- FLAIR, SWI, and DWI, 
followed by the DTI sequence. No gadolinium-based con-
trast agent was administrated for follow-up.

Primary outcome measures

Structural brain connectivity

1. Image pre-processing and analysis
Diffusion-weighted images were pre-processed using the 

KU Leuven neuroimaging suite (KUL_NIS) (Sunaert and 
Radwan 2021), which relies on MRTrix3 (v. 3.0.3) (Tournier 
et al. 2019), FSL (v. 6.0) (Jenkinson et al. 2012), ANTs (v. 
2.3.1) (Avants et al. 2011), and Synb0DisCo(Schilling et al. 
2019), to correct for imaging noise, Gibb’s ringing, Eddy 
and head motion artifacts, echo-planar imaging (EPI) distor-
tion, and image intensity bias. Quantitative quality assess-
ment of the pre-processed diffusion images was done in FSL 
(Bastiani et al. 2019) and one dataset had to be excluded 
due to large imaging artifact. 3D T1-weighted images were 
processed using the FreeSurfer (v. 6.0.0) recon-all pipeline 
(Desikan et al. 2006, Fischl 2012). Constrained spherical 
deconvolution (CSD) (Tournier et al. 2007) was used to 
calculate a group-averaged white matter response function, 
which was used to generate white matter fiber orientation 
distribution maps for all subjects. Probabilistic tractography 
with second-order integration over orientation distributions 
(iFOD2) (Tournier et al. 2010) anatomically constrained 
tractography (ACT) (Smith et al. 2012) was used to gener-
ate whole-brain tractograms with 10 million streamlines for 
each subject, and spherical-deconvolution informed filtering 
(SIFT2) (Smith et al. 2013, 2015) of tractograms was used 
to minimize spurious streamlines.

2. Structural connectome construction
We used the whole-brain tractograms and the Desi-

kan–Killinay parcellations (Desikan et  al. 2006) gener-
ated by FreeSurfer to construct structural connectomes in 
MRTrix3. Each of the 84 anatomical brain regions defined 
in the parcellation maps was represented by a node in the 
resulting network. The edges in these networks represent the 
white matter connections between each pair of brain regions. 
Resulting connectomes are weighted networks, where each 
edge is weighted by the sum of streamline-weights derived 
from SIFT2 for the white matter connections between each 
pair of nodes.

3. Network analysis and graph theory measures’ 
calculation

Global graph theory measures were calculated in the 
Brain connectivity toolbox (v2019-03-03) and in-house 
MATLAB code (v2020a). Characteristic path length and 
global efficiency were calculated using Dijkstra’s algorithm, 
with the connection-length matrix defined by the inverse 
edge weights. Clustering coefficient and local efficiency 
measures were calculated as recommended by Wang and 
colleagues (Wang et al. 2017). For each connectome 100 
random graphs were calculated using random permutation, 
while keeping connectome symmetry and excluding graphs 
with disconnected nodes. Each graph metric was normalized 
by dividing the metric by the median metric of the random 
graphs for that subject.

Cognitive performance

The computerized cognitive test battery "Cognition" 
(Joggle® Research, Seattle, WA, USA) was conducted using 
an iPad. The average duration of the cognitive test battery 
is 18 min. This cognitive test battery is sensitive to multi-
ple domains at high-level cognitive performance and has 
been proven to engage specific brain regions evidenced by 
functional neuroimaging (Basner et al. 2015). It consists 
of the motor praxis test (measure of sensorimotor speed), 
visual object learning test (measure of spatial learning and 
memory), abstract matching (measure of abstraction), line 
orientation test (measure of spatial orientation), digit sym-
bol substitution test (measure of complex scanning and 
visual tracking), balloon analogue risk test (measure of risk 
decision-making), NBACK (measure of working memory), 
and psychomotor vigilance test (measure of vigilant atten-
tion). Before actually performing each cognitive test, partici-
pants practiced each cognitive test once to mitigate learning 
effects. Detailed description of each cognitive test can be 
found in the work of Basner and colleagues (Basner et al. 
2015). Median reaction time was the main outcome measure 
of interest for every cognitive test.

Correlation structural brain connectivity and cognitive 
performance

Only observations from the first time point were used. 
Because of the low sample size, a step-wise model-build-
ing technique was used. The Akaike Information Criterion 
(AIC) is used for performing the model selection. The AIC 
estimates the quality of each model, relative to each of the 
other models. The smaller the AIC, the better the fit. The 
analyses were performed using the step()-function from the 
MASS package using both forward and backward selection.
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Secondary outcome measures

Anatomical brain imaging

To detect abnormal brain patterns, we segmented a 
T1-weighted image into white matter, gray matter, and cere-
brospinal fluid using the Icometrix icobrain pipeline (version 
3.1) (Jain et al. 2015). FLAIR white matter hyperintensities 
were detected and included in the white matter segmenta-
tion. After performing skull stripping and bias correction, 
we segmented the T1-weighted image using a probabilis-
tic image intensity model, and non-rigidly propagated tis-
sue priors from an MNI atlas (Mazziotta et al. 1995). We 
obtained lesion segmentation by iterating a loop until con-
vergence that comprised T1-weighted image segmentation, 
identifying intensity outliers on the FLAIR image, and fill-
ing the lesions on the T1-weighted image (Jain et al. 2015; 
Smeets et al. 2016). T1 hypointensities, commonly known 
as black holes, were obtained as a sub-segmentation of the 
FLAIR lesions. There was some contention over the sensi-
tivity of 3D T1 sequencing in identifying T1 hypointensi-
ties. A 3D sequencing often detects more albeit less severe 
hypointensities (Lapucci et al. 2020). Icobrain refines the 
primary tissue segmentation to obtain cortical gray matter 
and thalami sub-segmentations (Jorge Cardoso et al. 2013). 
We normalized brain volumes for head size except for lesion 
load and black hole volume. To conclude, the icobrain pipe-
line allowed the estimation of whole-brain white matter, 
deep and cortical gray matter, lesion burden, and black hole 
and thalamic volumes to detect abnormality patterns.

Statistical analyses

All statistical analyses were performed using R (version 
4.1.2; R Core Team 2021). A p value below 0.05 was con-
sidered to be statistically significant. Multilevel models 
were fitted using the lme4 (Bates et al. 2015) and lmerT-
est (Kuznetsova et al. 2017) package, allowing to take 
into account the clustering in the data and all available 
observations. First, multilevel models are constructed for 
each graph measure separately testing the role of group 
(ICU = 0, non-ICU = 1), time (at hospital discharge = 0, 
follow-up = 1), and their interaction, simultaneously, while 
allowing random intercepts for the participants. Next, 
multilevel models are constructed for each cognitive test, 
estimating the role of the same predictor variables. When 
data were normally distributed, general multilevel models 
were used. For nonnormally distributed data, generalized 
multilevel models were explored and applied. That is, 
multilevel models using different distributions and link 
functions were fitted, and the best model fit was found 
by means of Bayesian information criterion (BIC) values 
and—in case of doubt—formal likelihood ratio tests were 

performed. An overview with the different models together 
with their properties can be found in Table 3. For the last 
hypothesis, using linear regression models, we tested if the 
graph measures have an effect on the cognitive measures 
right after hospital discharge and if there is significant 
difference between ICU and non-ICU patients. Due to the 
small sample size and the large number of parameters of 
interest, a step-wise model-building approach was chosen 
to avoid an inflation of the Type I error rate and to obtain 
the most parsimonious model per outcome variable. This 
technique aims to avoid overfitting the data and results in 
smaller standard errors. These analyses were performed 
using the step()-function from the MASS package using 
both forward and backward selection (Venables and Ripley 
2002). To avoid multicollinearity, predictor variables were 
grand mean centered.

Results

Participant characteristics

Participant characteristics can be retrieved in Table 2. 
A total of 20 COVID-19 patients were included in this 
study. One patient dropped out due to personal reasons; 
thus, data of the remaining 19 patients were analyzed. All 
included patients had a positive RT-PCR result at the time 
of admission. Six patients (32%) were hospitalized in the 
intensive-care unit due to respiratory distress and/or clini-
cal deterioration. Two ICU patients required mechanical 
ventilation. The other 13 patients (68%) were hospitalized 
at the regular COVID-19 ward and did not need intensive 
care.

Only 6 patients (30%) had resumed work as before at 
inclusion (about 1–2 months after hospital discharge). 
Three patients (15%) had to work part-time and 6 patients 
were still unable to work due to disability (30%). Five 
patients (25%) did not work before their admission due to 
unemployment or retirement.

On the first visit, 19 out of 20 patients underwent the 
whole experimental session (cognitive tests and MRI brain 
scan). One patient refused to do the MRI brain scan and 
only did the cognitive tests. Ten out of 20 patients did 
not report any of the previously mentioned neurological 
symptoms upon their visit.

On the second visit (2  months later), 12 of the 20 
patients (of which 6 ICU and 6 non-ICU patients) returned 
to perform the follow-up cognitive testing and MRI scan. 
The main reasons for drop-out were due to illness, lack of 
time, or claustrophobia experienced during the previous 
MRI scan.
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Anatomical MRI findings

None of the patients had an objectifiable neurological deficit. 
Also, we detected no COVID-19-related brain lesions such 
as cerebral microhemorrhages, acute spontaneous intracra-
nial hemorrhage, acute to subacute infarcts, and encephalitis 
or encephalopathy (Lersy et al. 2021; Kremer et al. 2020a, 
b). Yet, there was one patient that had an old right frontal 
periventricular white matter lesion. The Icometrix reports 
indicated that none of the patients had abnormal age-related 
brain atrophy.

Structural brain connectivity

Figure 1 depicts the normalized whole-brain structural graph 
metrics of ICU and non-ICU patients at hospital discharge 
and 2 months later. For each metric, Table 3 shows the final 

models, their estimates, and corresponding significance 
level, and BIC and ICC values.

Characteristic path length

A multilevel model with a Gaussian distribution and log-
link function is used. Characteristic path length decreased 
significantly over time (exp(b) = 0.97, p = 0.006). No signifi-
cant effects at the group level (exp(b) = 1.07, p = 0.442) nor 
significant interaction effects (exp(b) = 1.02, p = 0.220) were 
found. The analyses showed an ICC of 0.76, meaning that 
76% of the variation in the outcome variable was accounted 
for by the clustering structure of the data. Next, a sensitivity 
analysis was performed to make sure that the results cannot 
solely be attributed to two outlying cases with missing values 

Table 2   Patient characteristics ICU NICU

Mean age ± SD (years) 51 ± 13 59 ± 10
Age range (years) 21–64 36–76
Sex (M/F) 7/2 8/2
BMI (kg/m2) 28 ± 4 27 ± 4
Smoking (%, n) 22%, n = 2 0%, n = 0
ICU patients/non-ICU patients 9 11
Mean length of hospital stay ± SD (days) 18 ± 8 8 ± 3
Neurological symptoms at the time of hospital admission
 Headache 44%, n = 4 36%, n = 4
 Concentration problems 22%, n = 2 45%, n = 5
 Fatigue 22%, n = 2 27%, n = 3
 Agitation 11%, n = 1 27%, n = 3
 Memory disorders 11%, n = 1 27%, n = 3
 Delirium 11%, n = 1 18%, n = 2
 Decreased consciousness 0%, n = 0 18%, n = 2
 Vertigo 0%, n = 0 9%, n = 1

Neurological symptoms at the time of first experimental session
 Concentration problems 22%, n = 2 36%, n = 4
 Fatigue 0%, n = 0 27%, n = 3
 Memory disorders 11%, n = 1 27%, n = 3

Comorbidities
 Type 2 diabetes mellitus 67%, n = 6 9%, n = 1
 Overweight and obesity 78%, n = 7 64%, n = 7
 Arterial hypertension 22%, n = 2 27%, n = 3
 Dyslipidaemia 33%, n = 3 9%, n = 1
 Migraine 0%, n = 0 9%, n = 1
 Alcohol dependence 0%, n = 0 9%, n = 1
 Chronic obstructive pulmonary disease (COPD) 11%, n = 1 9%, n = 1
 Asthma 0%, n = 0 9%, n = 1
 Fibromyalgia 11%, n = 1 0%, n = 0
 Ulcerative colitis 0%, n = 0 9%, n = 1
 Hypothyroidism 0%, n = 0 9%, n = 1
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at follow-up. Therefore, the analysis was redone but without 
these two observations and similar results were found.

Because no significant effect of group was found. Figure 1 
can be simplified to Fig. 2.

Cluster coefficient, global efficiency, and local efficiency

Statistical analyses revealed no significant main effect of 
time, of group nor interaction effects for these outcome 

Fig. 1   Graph theory measures of ICU (red) and non-ICU (blue) care patients at hospital discharge and 2 months later. Dots represent individual 
patient scores

Table 3   Results of the multilevel models for the effect of time, group, and their interactions on different graph measures: estimated regression 
coefficients, estimated variance components, and model information

Dummy coding is used and reference categories are not shown
Time(2) follow-up measure after 2 months, Group(nicu) COVID patients that did not needed intensive care, �2

pat
 variance component for patients 

variability, �2

res
 residual variance, SE standard error, ICC intraclass correlation coefficient, BIC Bayesian Information Criteria.

*p < 0.05, **p < 0.01, ***p < 0.001

Outcome Fixed effects
B(SE)

Random effects Model Info

Intercept Time(2) Group(nicu) Time(2) × 
Group(nicu)

�
2
pat

�
2
res

Distribution 
(link)

ICC BIC

Characteristic 
path length

0.34 (0.07)*** – 0.03 (0.01)** 0.064 (0.08) 0.02 (0.01) 0.09 0.05 Gaussian 
(link = log)

0.76 – 66.51

Cluster coef-
ficient

2.43 (0.05)*** – 0.06 (0.04) 0.002 (0.07) – 0.01 (0.06) 0.009 0.005 Gaussian 
(link = iden-
tity)

Global efficiency – 0.08 (0.03)** – 0.0006 (0.004) – 0.04 (0.03) – 0.004 (0.005) 0.0009 0.0001 Gaussian 
(link = log)

– 149.13

Local efficiency 9.07 (0.43)*** 0.20 (0.37) – 0.296 (0.51) – 0.31 (0.49) 0.57 0.35 Gaussian 
(link = iden-
tity)
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measures.

Cognitive performance

Figure 3 and Table 4 present the median reaction times 
over a 3 month time period after hospital discharge across 

all cognitive tests. Using (univariate) multilevel models 
(see Table 5 for more information), a significant effect 
of time (p < 0.05) was found for the Abstract Matching, 
Balloon Analogue Risk Test, Digit Symbol Substitution 
Test, and Psychomotor Vigilance Test. Both non-ICU 
and ICU COVID-19 survivors improved their cognitive 

Fig. 2   Characteristic path 
length: significant effect of time 
(p = 0.01) remains after sensitiv-
ity analysis. Represented are 
the median and the IQR (box), 
Q1 − 1.5 × IQR and Q3 + 1.5 × 
IQR (whiskers), and individual 
observations (dots)

Fig. 3   Overview of median reaction time in ICU (red) and non-ICU (blue) patients over a 3 month time period after hospital discharge across all 
eight cognitive tests
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performance on these four cognitive tests 2 months later. 
For the Digit Symbol Substitution Test, a significant group 
effect was found (p = 0.01) with the ICU group perform-
ing better than the non-ICU group. No significant effects 

were observed for the Visual Object Learning Test, Motor 
Praxis Test, Line Orientation Test, and NBACK.

Table 4   Raw median reaction 
time (ms) data of all cognitive 
performance tests

Values are expressed as mean ± standard deviation

Cognitive test ICU Non-ICU

At discharge At 3 months At discharge At 3 months

Abstract Matching 3346 ± 862 2171 ± 351 3109 ± 1379 2422 ± 714
Balloon Analogue Risk Test 665 ± 371 435 ± 329 581 ± 328 549 ± 364
Digit Symbol Substitution Test 1035 ± 120 914 ± 73 1222 ± 157 1068 ± 166
Line Orientation Test 6175 ± 1135 5707 ± 1647 8263 ± 3494 5972 ± 2838
Motor Praxis Test 590 ± 88 532 ± 104 622 ± 192 533 ± 95
NBACK 596 ± 96 549 ± 70 624 ± 98 587 ± 96
Psychomotor Vigilance Test 250 ± 23 236 ± 17 282 ± 80 267 ± 56
Visual Object Learning Test 2878 ± 1332 1772 ± 399 2805 ± 1548 1828 ± 391

Table 5   Additional information on the cognitive performance analyses

The bold values indicate significant results and are provided in this way to detect the significant effects easily
BIC  Bayesian information criterion, ICC intraclass correlation coefficient

Cognitive test Final model BIC ICC Estimate Standard error Significance level

Abstract matching test Multilevel model with a gaussian dis-
tribution and identity link function

428.77 0.61 Time: − 1175.24 447.61 0.041
Group: − 237.65 599.43 0.70
Interaction: 552.48 592.32 0.38

Balloon analogue risk test Linear mixed model – – Time: − 229.42 95.61 0.040
Group: − 84.38 178.34 0.64
Interaction: 184.81 127.96 0.18

Digit symbol substitution test Linear mixed model – – Time: − 119.84 40.49 0.016
Group: 187.37 77.24 0.027
Interaction: − 15.41 54.22 0.78

Visual object learning test Multilevel model with a gaussian dis-
tribution and identity link function

434.82 – Time: − 1105.38 576.64 0.094
Group: − 72.76 650.31 0.91
Interaction: 168.71 755.66 0.83

Psychomotor vigilance test Multilevel model with a gamma dis-
tribution and a log-link function

260.63 0.83 Time: − 0.053 0.025 0.034
Group: 0.091 0.16 0.56
Interaction: 0.08 0.036 0.021

Motor praxis test Multilevel model with a gaussian dis-
tribution and identity link function

335.81 – Time: − 58.70 87.74 0.52
Group: 31.99 79.65 0.69
Interaction: − 35.29 112.85 0.76

Line orientation test Multilevel model with a gaussian dis-
tribution and identity link function

470.22 – Time: − 467.86 860.49 0.60
Group: 2087.85 1561.94 0.20
Interaction: − 1545.47 1150.80 0.21

NBACK Multilevel model with a gaussian dis-
tribution (and identity link function)

272.87 – Time: − 0.0027 0.038 0.94
Group: 0.12 0.10 0.24
Interaction: − 0.074 0.056 0.19
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Association between structural brain connectivity 
and cognitive performance

A step-wise model-building technique was applied to inves-
tigate the association between structural brain connectiv-
ity and cognitive performance. Table 6 presents the Akaike 
Information Criterion (AIC) as an estimate of the quality 
of each model, as well as the corresponding p values and 
adjusted R-squared values for each cognitive task.

A significant association was observed between the Digit 
Symbol Substitution Test and cluster coefficient (p = 0.018; 

adjusted R2 = 0.41) and between the Visual Object Learning 
Test and cluster coefficient (p = 0.048) (Fig. 4).

No significant association was found between any of 
the graph metrics and cognitive performance on the Motor 
Praxis Test, NBACK, Psychomotor Vigilance Test, Balloon 
Analogue Risk Test, Abstract Matching Test, and Line Ori-
entation Test.

Table 6   Final models including 
AIC, adjusted R-squares, and 
P values

Dummy coding is used and reference categories are not shown
Group(nicu) COVID patients that did not needed intensive care, CP characteristic path length, LE local effi-
ciency, CC cluster coefficient, SE standard error, AIC Akaike Information Criteria.
+ p < 0.10, *p < 0.05, **p < 0.01, ***p < 0.001

Outcome Final model Coefficient (SE) AIC Adjusted 
R-squared

Digit symbol substitution test Intercept 1063.12 (58.55)*** 168.54 0.41
Group(nicu) 162.17 (71.02)*
CC – 638.20 (266.29)*
CP 357.05 (187.74) + 

Visual object learning test Intercept 2623.95 (330.37)*** 245.81 0.19
CC 5337.91 (2477.12)*

Motor praxis test Intercept 617.55 (39.87)*** 175.28 0.13
LE 97.30 (53.59) + 

NBACK Intercept 6.46 (0.04)*** 183.53
CP 0.29 (0.19)

Psychomotor vigilance test Intercept 5.61 (0.06)*** 180.31
Balloon analogue risk test Intercept 605.28 (80.47)*** 198.32
Abstract matching test Intercept 3151.89 (287.82)*** 242.49 0.07

LE – 570.99 (386.80)
Line orientation test Intercept 7441.81 (749.03)*** 274.38 0.05

CP 5405.32 (3911.83)

Fig. 4   Association between 
scores on the Digit Symbol 
Substitution Task and Clus-
ter coefficient (A) and on the 
Visual Object Learning Task 
and cluster coefficient (B) in 
COVID-19 survivors at time 
of hospital discharge (time 1 in 
red) and 2 months later (time 
2 in blue). An lm smoother is 
shown, together with its 95% 
confidence interval. Dots repre-
sent individual observations
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Discussion

The aim of the current study was to assess structural brain 
connectivity in non-ICU- and ICU-treated COVID-19 sur-
vivors up to 2 months after discharge, as well as cognitive 
performance by means of a standardized cognitive test bat-
tery assessing different cognitive domains. Results over time 
showed a decrease in characteristic path length, indicating 
an increased potential for information transmission (Parhizi 
et al. 2018; Zhang et al. 2020). Also, cognitive performance 
in terms of reaction time on the Abstract Matching Test, Bal-
loon Analogue Risk Test, Digit Symbol Substitution Test, 
and Psychomotor Vigilance Test improved over time. The 
structural brain connectivity measures did not associate well 
with the cognitive performance measures.

The overall results of this study are encouraging, as for-
mer non-ICU and ICU COVID-19 patients showed modest 
improvements in both cognitive performance and charac-
teristic path length 2 months after hospital discharge. Also, 
no deterioration in structural brain connectivity, cognitive 
performance, and brain structure outcomes was observed in 
these former hospitalized COVID-19 patients after 2 months 
of hospital discharge. Combined, these results might suggest 
early signs of neurological and cognitive recovery in for-
merly admitted COVID-19 patients 2 months after hospital 
discharge.

A previous MRI-based follow-up study of COVID-
19 patients found an overall decrease in DTI values (i.e., 
mean diffusivity, axial diffusivity, and radial diffusivity) 
in combination with an increase in fractional anisotropy at 
the 3-month interval compared with non-COVID-19 par-
ticipants. It was observed that the global mean diffusivity 
among others was correlated with memory loss (Lu et al. 
2020). On the contrary, Yang et al (2021) used DTI, and 
observed that COVID-19 patients exhibiting decreased 
fractional anisotropy, increased mean diffusivity, and radial 
diffusivity values in widespread brain regions, as well as 
significantly lower global efficiency, longer characteristic 
path length, and less nodal local efficiency in the superior 
occipital gyrus (Yang et al. 2021). Both studies (9,18) also 
reported that the altered white matter changes are unfa-
vorable when comparing recovered COVID-19 patients to 
healthy controls. In the context of these findings, our results 
suggest a shortening of characteristic path length over time, 
which indicates better information transmission 2 months 
after hospital discharge and could infer recovery of under-
lying neurological functioning (Parhizi et al. 2018; Zhang 
et al. 2020). Nevertheless, a more rigorous study design is 
warranted to substantiate this claim as well as to align results 
of previous DTI studies.

Expanding on the cognitive performance aspect in our 
study, patients’ cognitive performance improved on four out 

of seven cognitive tests over time (i.e., Abstract Matching 
Test, Balloon Analogue Risk Test, Digit Symbol Substitu-
tion Test, and Psychomotor Vigilance Test). The Abstract 
Matching Test measures the individual’s ability to group 
stimuli in a logical way (abstraction) and to learn undis-
closed rules based on feedback. Tasks assessing abstraction 
and concept formation activate the prefrontal cortex primar-
ily (Berman et al. 1995). The Balloon Analogue Risk Test 
assesses risk decision-making behavior (Lejuez et al. 2002; 
Rao et al. 2008). It has been shown to consistently activate 
the orbital frontal and ventromedial prefrontal cortex, amyg-
dala, hippocampus, anterior cingulate cortex, and ventral 
striatum (Basner et al. 2015). The Digit Symbol Substitution 
Test assesses complex scanning and visual tracking. This 
test requires a combination of visual scanning and eye–hand 
coordination, where the temporal cortex, prefrontal cortex, 
and motor cortex are primarily involved in this process (Bas-
ner et al. 2015). The Psychomotor Vigilance Test assesses 
vigilant attention by measuring the reaction time of how fast 
the patient can respond to the onset of a millisecond coun-
ter (Basner and Dinges 2011). The brain regions associated 
with this cognitive test and domain are the prefrontal cortex, 
motor cortex, inferior parietal, and visual cortex. In sum-
mary, both ICU and non-ICU COVID-19 survivors showed 
an improvement in these specific cognitive domains over 2 
months. Future studies with a greater sample size should 
explore the specific brain areas associated with these four 
cognitive tests.

The interpretation of our study findings is in line with 
previous research reporting that COVID-19-related per-
sistent symptoms improved over time, even though patient 
reported neurocognitive symptoms can persist for 12 months 
and more after acute COVID-19 infection in a considerable 
subgroup of these patients (Kim et al. 2022). While the 
results of our study suggest slight improvements in structural 
brain connectivity and cognitive performance in previously 
hospitalized COVID-19 patients after 2 months, deficien-
cies in cognitive functioning are still present at 1, 3 and 6 
months compared to healthy controls (Poletti et al. 2021). 
Six months after the COVID-19 infection, cognitive func-
tion assessed by the Montreal Cognitive Assessment was 
worse in formerly infected people who were not hospitalized 
compared to people who were never infected by the virus 
(Del Brutto et al. 2021a). At 1-year follow-up, the COVID-
19 survivors’ improved their cognitive function and no dif-
ferences remained with cognitive functioning of the non-
infected people (Del Brutto et al. 2021a). These results were 
partially confirmed in a population of COVID-19 patients 
who were formerly hospitalized. The formerly hospitalized 
patients did not show a worse cognitive function compared 
to healthy controls at the 1-year follow-up moment, but more 
white matter abnormalities were still observed in compari-
son to healthy controls (Huang et al. 2021). In general, it 
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seems that cognitive function and performance are likely to 
recover in formerly infected COVID-19 patients with pres-
entations from mild symptoms to have required intensive 
hospital care, though the underlying brain structure and 
function might need longer to recover.

One of the novelties of this paper is the exploration of 
the link between structural brain connectivity and cognitive 
performance. Using a step-wise model-building technique, 
we observed associations between the Digit Symbol Substi-
tution Test, the Visual Object Learning Test, and the cluster 
coefficient (Table 6 and Fig. 4). The cluster coefficient rep-
resents the ratio of links between the chosen node and the 
nearest-neighboring nodes and the number of possible links 
(Onias et al. 2014). This could mean that individuals with a 
higher cluster coefficient have a lower reaction time and thus 
have a better cognitive performance. Figure 4 shows that the 
reaction time on both cognitive tasks decreases over time 
and the cluster coefficient increases, highlighting that the 
adverse effects after a COVID-19 infection are reversible. 
No further associations were observed between shorter char-
acteristic path lengths and faster reaction times, probably 
due to the small sample size. In the future, more emphasis 
might be placed on the specific brain area responsible for 
improved cognitive functioning, in this case, the ventral 
tegmental area.

No further associations were observed between shorter 
characteristic path length and faster reaction times, probably 
due to the small sample size. In the future, more empha-
sis might be set at the specific brain area responsible for 
improved cognitive functioning, in this case, the ventral 
tegmental area.

Therefore, besides the small sample size, the main limita-
tions of this study are the lack of a healthy matched control 
group and the prevalence of comorbidities in our sample 
(e.g., diabetes = 35%, overweight and obesity = 70%, arte-
rial hypertension = 25%, and dyslipidaemia = 20%). Despite 
encouraging exploratory results in structural brain connec-
tivity and cognitive performance during the relative short 
follow-up period (2 months) of COVID-19 survivors after 
hospital discharge, future studies should include more par-
ticipants and a healthy matched control group and take into 
account comorbidities (MacIntosh et al. 2021; Moheet et al. 
2015).

Also, we mainly focused on cortical cognitive function-
ing, and did not test whether and how more subcortical 
affective processing such for instance emotion reactivity and 
emotion regulation might be influenced. Moreover, future 
studies should also incorporate frequent and longer follow-
up periods, and target specific subpopulations experiencing 
persistent COVID-19 symptoms as up to more than 20% of 
the patients still report concentration difficulties, cognitive 
dysfunction, and amnesia 12 months after infection (Kim 
et al. 2022).

Conclusion

Two months after hospital discharge, former hospitalized 
non-ICU- and ICU-treated COVID-19 survivors showed an 
improvement of structural brain connectivity, indicated by a 
decreased characteristic path length. Also, performance on 
different cognitive tasks indicated by a faster reaction time 
improved over time. Detrimental effects of COVID-19 on 
brain function and structure ameliorate over time. Future 
scope should include longer follow-up, aim at unraveling the 
impact of COVID-19 on the subcortical affective process-
ing and investigate the associations between structural brain 
connectivity and cognitive performance.
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