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Abstract

Background: The coronavirus disease 2019 (COVID-19) pandemic has negatively affected the social fabric.

Objective: We evaluated the associations between personal socia networks and neurological function in people with multiple
sclerosis (pwMS) and controls in the prepandemic and pandemic periods.

Methods: During the early pandemic (March-December 2020), 8 cohorts of pwM S and controls completed a questionnaire
quantifying the structure and composition of their personal social networks, including the health behaviors of network members.
Participants from 3 of the 8 cohorts had additionally completed the questionnaire before the pandemic (2017-2019). We assessed
neurological function using 3 interrel ated patient-reported outcomes: Patient Determined Disease Steps (PDDS), Multiple Sclerosis
Rating Scale-Revised (M SRS-R), and Patient-Reported Outcomes M easurement Information System (PROMIS) Physical Function.
We identified the network features associated with neurological function using paired 2-tailed t tests and covariate-adjusted
regressions.

Results: Inthe cross-sectional analysis of the pandemic data from 1130 pwM S and 1250 controls during the pandemic, having
ahigher percentage of network memberswith aperceived negative health influence was associated with worse disability in pwM S
(MSRS-R: 3=2.181, 95% CI 1.082-3.279; P<.001) and poor physical function in controls (PROMIS Physical Function: f=-5.707,
95% CI —7.405 to —4.010; P<.001). In the longitudinal analysis of 230 pwMS and 136 controls, the networks of all participants
contracted, given anincreasein constraint (pwM S-prepandemic: mean 52.24, SD 15.81; pwM S-pandemic: mean 56.77, SD 18.91;
P=.006. Controls-prepandemic: mean 48.07, SD 13.36; controls-pandemic: mean 53.99, SD 16.31; P=.001) and a decrease in
network size (pwM S-prepandemic: mean 8.02, SD 5.70; pwM S-pandemic: mean 6.63, SD 4.16; P=.003. Controls-prepandemic:
mean 8.18, SD 4.05; controls-pandemic: mean 6.44, SD 3.92; P<.001), effective size (pwM S-prepandemic: mean 3.30, SD 1.59;
pwM S-pandemic: mean 2.90, SD 1.50; P=.007. Controls-prepandemic: mean 3.85, SD 1.56; controls-pandemic: mean 3.40, SD
1.55; P=.01), and maximum degree (pwM S-prepandemic: mean 4.78, SD 1.86; pwM S-pandemic: mean 4.32, SD 1.92; P=.01.
Controls-prepandemic: mean 5.38, SD 1.94; controls-pandemic: mean 4.55, SD 2.06; P<.001). These network changes were not
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associated with worsening function. The percentage of kin in the networks of pwMS increased (mean 46.06%, SD 29.34% to
mean 54.36%, SD 30.16%; P=.003) during the pandemic, a change that was not seen in controls.

Conclusions: Our findings suggest that high perceived negative health influence in the network was associated with worse
function in al participants during the pandemic. The networks of all participants became tighter knit, and the percentage of kin
in the networks of pwMS increased during the pandemic. Despite these perturbations in social connections, network changes
from the prepandemic to the pandemic period were not associated with worsening functionin all participants, suggesting possible

resilience.

(JMIR Public Health Surveill 2024;10:e45429) doi: 10.2196/45429
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Introduction

Background

Multiple sclerosis (MS) is a chronic autoimmune disease
affecting the centra nervous system, leading to

neurodegeneration and neurological disability [1,2]. Despite
notable advancement in elucidating the factorsinfluencing MS
susceptibility, the mechanisms underlying disability
accumulation are less well defined [3]. In addition to genetic
predisposition, modifiable environmental factors such as
personal networks play a key role in shaping health outcomes
for people living with neurological diseases [4].

Personal social network features can affect the health outcomes
of people living with neurological diseases, including stroke,
traumatic brain injury, and MS [5-8]. In people with MS
(pwM ), advantageous personal network structures (e.g., larger
network size and more diffuse connections among network
members) are associated with better language function and
larger regional brain volume [9]. Conversely, adverse personal
networks are associated with increased social isolation and
loneliness, which may in turn exert direct biological effects by
atering inflammation, recovery from injury, and resilience
against neurodegeneration [10-18].

Our prior research implicates personal social networks as a
potentially modifiable environmental contributor to neurol ogical
disability in pwMS [19,20]. Importantly, the vulnerability of
pwM Sto social isolation and loneliness exacerbated during the
coronavirus disease 2019 (COVID-19) pandemic [21,22].
Physical distancing measures, stay-at-home orders, and travel
restrictionsimposed during the pandemic led to the contraction
of personal socia networks, increased social isolation and
loneliness, excessive reliance on virtual communication, and
alterations in the frequency and nature of social interactions
[23-28]. Understanding how personal social network structure
(e.g., network size and density) and composition (e.qg.,
demographics and health behaviors of the network members)
changed during the pandemic and assessing the impact of these
changes on disability accumulation in MS could potentially
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inform novel interventions that may improve the quality of life
and health outcomes for pwMS.

Objectives

In this study, we compared the personal social networks of
pwMS and controls during the COVID-19 pandemic and
identified network features associated with increased disability
accumulation. Further, we examined changesin personal social
networks due to the COVID-19 pandemic in a subset of
individuals with prepandemic data.

Methods

Study Cohort

During the pandemic, the multicenter Multiple Sclerosis
Resilience to COVID-19 (MSReCOV) Collaborative recruited
new pwMS and healthy controls through the University of
Pittsburgh Medical Center (UPMC), ColumbiaUniversity Irving
Medica Center (CUIMC), University of Buffao Medica
Center, University of Pennsylvania, and Yale University [29-32].
In addition, pwM S and controls were recruited from 2 existing
clinic-based cohorts (oneat UPMC and another at CUIMC) and
fromanational cohort of first-degreerelatives of pwM S (Genes
and Environment in Multiple Sclerosis[ GEM §] study) [33-38].
Theinclusion criteriawere adults aged =18 years either with or
without a neurol ogist-confirmed diagnosis of MS.

For the cross-sectional analysis, weincluded pwM S and healthy
controls from the MSReCOV study as well as 3 previously
established cohorts (clinic cohorts at UPMC and CUIMC as
well as the GEMS cohort). We deployed a modified personal
network (PERSNET) questionnaire (Multimedia Appendix 1)
between March 2020 and December 2020 to assess
demographic, clinical, and personal social network features
through a secure web-based platform (REDCap [Research
Electronic Data Capture]) [39].

For the longitudinal analysis, we leveraged PERSNET data
collected before the COVID-19 pandemic (2017-2019) from
the 3 existing cohorts (clinic cohorts at UPMC and CUIMC as
well as the GEMS cohort) for comparison with the early
pandemic data in the same participants (Figure 1A) [20].
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Figure 1. Overview of study design. (A) Schematic illustration of study populations and survey data collection using REDCap (Research Electronic
Data Capture). (B) Personal socia network features as exposure, asillustrated by arepresentative network of ahypothetical participant. (C) Patient-reported

outcomes of neurological disability or physical function.
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Ethical Considerations

The ingtitutional review board of each enrolling site approved
the study (UPMC: STUDY 21100060 and STUDY 20040160;
CUIMC: AAAS9668; University of Buffalo Medical Center:
MODO00008107; University of Pennsylvania: 843454; and Yale
University: HIC 2000027987). All participants provided
informed consent. Participants completed the survey
anonymously through a secure privacy-compliant platform[39].
Participation was voluntary. To ensure confidentiality,
deidentified data were used for analysis. The study did not
provide compensation for survey completion.

Per sonal Network Metrics

We deployed an updated version of the PERSNET survey,
adapted from the foundational General Social Survey
[5-7,19,20,40]. Inthe PERSNET survey, participantsidentified
individuals in their personal social network with whom they
discuss personal matters or socialize or from whom they derive
socia support. These individuals could have any professional
or personal relationship with the participant (e.g., coworker,
parent, sibling, spouse, or child). We assessed the structure and
composition of each participant’s network [41,42].

Network structureincludes 6 quantitative features. size (number
of individuals in the network, excluding the index person),
density (sum of ties, excluding the index person’sties, divided
by al possible ties), constraint (a more granular density that
assesses the extent to which the index person is connected to
individuals who are connected to one another), effective size
(number of nonredundant network members), and maximum
degree and mean degree (highest and average number of ties,
respectively, belonging to a network member).

Network composition quantifiesthe demographic characteristics
and hedth behaviors of network members. Network
demographics include the percentage of kin (percentage of
network members who are family), SD of age (age range of
network members), diversity of sex (proportion of sexes from
0to 1, where O indicates a single sex and 1 indicates an equal
ratio of men and women), and diversity of race (similar
proportion of represented races, where O indicatesasinglerace).
Network health behaviors include the percentage of network
members who smoke, consume acohol, exhibit poor dietary
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habits, lead sedentary lifestyles, and exert perceived negative
health influence. Other network composition features include
the frequency, duration, and the living distance of network
member from the index person, which quantify the depth of the
relationships. Compositional features account for network size.

Neurological Outcomes

To assess the status of neurological function, we used 3
interrelated patient-reported outcomes (PROs). The Patient
Determined Disease Steps (PDDS) scaleindicates the extent of
gait impairment and correlates with the clinician-determined
Expanded Disability Status Scale (EDSS). PDDS scores range
from O to 8, where O corresponds to normal, and 8 indicates
bedbound status [43]. The Multiple Sclerosis Rating
Scale-Revised (MSRS-R) assesses the global neurological
symptom burden, including walking, function in the extremities,
vision, speech, swallowing, cognition, sensation, bladder
function, and bowel function [44,45]. Each symptom domain
score ranges from 0 to 4, where 0 indicates no impairment, and
4 indicates severe impairment. Higher cumulative MSRS-R
scores (0-32) indicate greater neurological symptom burden and
worse neurological function. Patient-Reported Outcomes
M easurement | nformation System (PROMIS) Physical Function
(version 1.2) is a generalizable measure of physical function
also validated for pwM S [46,47]. PROMIS Physical Function
isreported as anormally distributed T-score on ascale ranging
from O to 100, where 50 represents the average for the US
population and higher scores indicate better function. Whereas
PDDS and MSRS-R are specific for pwMS, PROMIS is
applicable to both pwMS and controls. All participants
completed PRO assessment when completing the PERSNET
survey during the pandemic, whereas a subset also completed
the PROs before the pandemic.

Covariates

We considered the following confounding factors that could
potentialy influence neurological function: age, sex, race,
ethnicity, disease duration, employment, education, occupation,
income, marital status, and cohabitant status. Race was
categorized as African or African American, American Indian
or Alaska Native or Native Hawaiian or other Pacific Islander,
Asian, White, multiracial, or other. Ethnicity was categorized
as Hispanic (or Latinx) and non-Hispanic. Because of the
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relatively small number of racia and ethnic minority participants
in our cohorts, race and ethnicity were dichotomized as
non-Hispanic White versus otherwise (encompassing individual s
of Hispanic and non-European descent) in subsequent analyses.
Disease duration was defined as the time from the first
self-reported neurological symptom onset to the time of the
most recent PRO assessment. Employment status was
categorized as employed for wages, self-employed, out of work
and looking for work, out of work but not currently looking for
work, homemaker, student, military, retired, or unable to work.
Education level was classified based on the highest level of
education achieved: some high school or less, high school
graduate, some college, associate degree, bachelor’s degree, or
graduate degree. Occupation was categorized as business owner,
executive or manager, professional, sales or clerical worker,
service worker, or other. Annual household income level
included the following brackets: <US $19,999, US $20,000 to
US $34,999, US $35,000 to US $49,999, US $50,000 to US
$64,999, US $65,000 to US $79,999, US $80,000 to US
$94,999, US $95,000 to US $109,999, US $110,000 to US
$124,999, and =US $125,000. Marital status was categorized
as married or unmarried. Cohabitant status was categorized as
living alone versus otherwise. In the subset with prepandemic
data, the time elapsed between prepandemic and pandemic
PERSNET assessments ranged from 1 to 4 years. Some
covariates were missing because certain questions (e.g.,
employment status, income) inthe PERSNET survey were made
optional to reduce patient discomfort when completing the
guestionnaire.

To select the informative covariates, we examined the
correlation between these features and PROs in univariate
analyses (Figure S1 in Multimedia Appendix 2). We included
featuresthat met the following predefined criteriaas covariates
for downstream analyses: feature presence in >70% of pwMS,
a Pearson correlation coefficient of =20.1, and a nominal
statistical significance (P<.05) in association with all 3 PROs.
We identified age, disease duration, employment, and income
asmeeting the criteriaand adjusted these covariatesin regression
models involving pwMS. For analyses involving controls, we
adjusted for age, employment, and income but not disease
duration because it does not apply to controls. For the
longitudinal analyses, we further adjusted for the time elapsed
between prepandemic and pandemic PERSNET assessments
aswell as study cohort as additional covariates for consistency
with our previous analysis [19,20].

Statistical Analysis

We performed two types of analyses. (1) cross-sectiona
comparison between pwM S and controlsduring the COVID-19
pandemic and (2) longitudinal analysis of pwMS and controls
during the COVID-19 pandemic when compared to their
prepandemic baseline.

For the cross-sectional analysis, wefirst compared the personal
networks of pwMS and controls using paired 2-tailed t tests.
Next, we examined the association between network features
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(structure and composition) and PROs in pwMS in
covariate-adjusted regression models. Given that the PROMIS
Physical Function measure is generalizable across health and
disease, we further assessed the association between network
features and PROMI S Physical Function scores in controls for
comparison. In ajoint analysis of the pandemic datathat include
both pwM S and controls, we performed a moderation analysis
to assess whether having an MS diagnosis influenced the
association between network features and PROMIS Physical
Function scores [48-50].

For the longitudinal analysis, we examined the within-subject
differences in network featuresin pwMS and controls during
the pandemic when compared to the most proximal prepandemic
baseline (i.e., the closest value before the pandemic as baseline)
using pairedt tests. Next, we assessed the association of change
in network features (i.e., pandemic value minus prepandemic
baseline) in relation to the latest available PROs (during the
pandemic) in pwMS using covariate-adjusted regressions and
an omnibustest [20,38]. For the omnibustest, we combined the
P values derived from the covariate-adjusted regressions for
each PRO. Using the Fisher combined probability test, we
calculated the chi-sguared statistic and compared the observed
values with the expected empirical distribution. To further
interrogate these rel ationships, we generated a quantile-quantile
(Q-Q) plot of the observed versus expected P values of the
associations between the longitudinal changesin each network
feature (pandemic val ue minus prepandemic baseline) and each
PRO (the latest available score during the pandemic). The 95%
Cls of the Q-Q plot were obtained from the empirical P value
distribution generated by 10,000 permutations of the null
hypothesis. We used 10,000 permutations, given the large
number of network features and the sample size [19,20]. We
performed similar longitudinal analysis in controls using
PROMI S Physical Function for comparison. Raw P valueswere
adjusted by Bonferroni correction for multiple comparisons.
All statistical analyseswere performed using R software (version
3.6.0) [51].

Code Availability
The code for this project is available on GitHub [52].

Results

Participant Characteristics

The cross-sectional analysisincluded 1130 pwMS (age: mean
50.7, SD 12.1 y) and 1250 controls (age: mean 44.3, SD 12.1
y; Table 1). Participants were predominantly women (pwMS:
925/1130, 81.86%; controls: 960/1250, 76.80%) and
non-Hispanic White (pwMS: 1043/1130, 92.30%; controls:
1208/1250, 96.64%). pwMS were less likely to be employed
(544/1130, 48.14%) than controls (876/1250, 70.08%). The
disability burden among pwM S was mild to moderate (PDDS
score: mean 1.85, SD 2.12; MSRS-R score: mean 7.55, SD 5.49;
PROMIS Physical Function score: mean 46.4, SD 10.82).
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Table 1. Characteristics of the cross-sectional and longitudinal cohort participants.

Characteristics Cross-sectional cohorts? Longitudinal cohorts?
pwMS° Controls pwMS Controls
(N=1130) (N=1250) P value? (N=230) (N=136) P value®
Age (y), mean (SD) 50.7 (12.1) 44.4 (12.1) <.001 50.4(117)  43.1(12.6) <.001
Gender, n (%) .009 A7
Woman 925 (81.9) 960 (76.8) 183 (79.6) 99 (72.8)
Man 203 (18.0) 286 (22.9) 47 (20.4) 37(27.2)
Nonbinary intersex 2(0.2) 4(0.3) 0(0) 0(0)
Race, n (%) <.001 .18
African or African American 46 (4.1) 12 (1) 7(3) 0(0)
American Indian or Alaska Native or Native 10 (0.9) 6 (0.5 1(0.4) 0(0)
Hawaiian or other Pacific Islander
Asian 8(0.7) 8(0.6) 1(0.4) 1(0.7)
White 1043 (92.7) 1208 (96.7) 214 (93.0) 135 (98.5)
Multiracial 9(0.8) 11 (0.9) 4(17) 1(0.7)
Other 4(0.4) 3(0.2) 0(0) 0(0)
Not sure 5(0.4) 1(0.1) 3(L3) 0(0)
Ethnicity, n (%) .26 .59
Hispanic or Latinx 38(3.4) 31(2.5) 6 (2.6) 2(15)
Non-Hispanic 1068 (94.9) 1201 (96.3) 220(95.7) 131 (95.6)
Not sure 19 (1.7) 15 (1.2) 4(17) 4(2.9)
Education, n (%) <.001 .004
High school graduate 70 (6.2) 35(2.8) 12 (5.3) 2(1.8)
Some college 154 (13.7) 106 (8.5) 30(13.3) 4(3.5)
Associate degree 111 (9.9) 70 (5.6) 20 (8.8) 5(4.4)
Bachelor's degree 363 (32.4) 441 (35.3) 75 (33.3) 53 (46.5)
Graduate degree 418 (37.3) 595 (47.6) 88 (39.1) 50 (43.9)
Employment®, n (%) <.001 <.001
Employed for wages 544 (48.1) 876 (70.1) 98 (43.9) 81 (71.1)
Homemaker 63 (5.6) 77(6.2) 11 (4.9) 5 (4.4)
Out of work and looking for work 17 (1.5) 27(22) 8(3.5) 5(4.4)
Out of work but not currently looking for 29 (2.6) 15(1.2) 6(2.7) 0(0)
work
Retired 187 (16.5) 98(7.8) 34 (15) 9(7.9)
Self-employed 63 (5.6) 97 (7.8) 14 (6.2) 10 (8.8)
Student 12 (1.2) 18 (1.4) 3(1.3) 2(1.8)
Unable to work 190 (16.8) 39(3.1) 49 (21.7) 2(1.8)
Military 2(0.2) 0(0) 0(0) 0(0)
Annual household income (US $), n (%) <.001 .004
<19,999 74 (7.6) 37(3.1) 19 (12.6) 5 (4.5)
20,000-34,999 85(8.7) 56 (4.7) 15 (9.9) 2(1.8)
35,000-49,999 97 (10) 75(6.3) 23(15.2) 9(8.1)
50,000-64,999 92 (9.5) 106 (8.9) 14 (9.3) 11 (9.9)
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Characteristics Cross-sectional cohorts? Longitudinal cohorts?
pwMS° Controls pwMS Controls
(N=1130) (N=1250) P value? (N=230) (N=136) P value®

65,000-79,999 79(8.1) 120(10.2) 7 (4.6) 8(7.2)

80,000-94,999 76 (7.8) 94 (7.9) 8(5.3) 8(7.2)

95,000-109,999 80(8.2) 127 (10.7) 12(7.9) 14 (12.6)

110,000-124,999 85(8.7) 112 (9.4) 20(13.2) 12 (10.8)

2125,000 303 (3L.2) 461 (38.8) 33(21.9) 42 (37.8)
Married, n (%) 786 (69.9) 841 (67.4) 22 146 (64) 96 (70.6) 24
Live alone, n (%) 156 (14.8) 186 (15) 93 39(17.1) 21 (15.4) 79
Occupation, n (%) .001 .35

Business owner 35(6.2) 23(2.9) 6(8.1) 5(5.5)

Executive or manager 100 (17.6) 157 (16.2) 14 (18.9) 8(8.8)

Laborer or unskilled worker 7(1.2) 4(0.9) 0(0) 0(0)

Machine operator, inspector, or busorcab ~ 1(0.2) 0(0) 0(0) 0(0)

driver

Mechanic, electrician, or skilled worker 6(1.1) 14 (1.9 0(0) 0(0)

Other 80 (14.1) 129 (13.3) 9(12.2) 13 (14.3)

Professional 282 (49.6) 545 (56.1) 38 (51.4) 57 (62.6)

Sales or clerical worker 54 (9.5) 84 (8.6) 7(9.5 7(7.7)

Service worker 3(0.5) 16 (1.6) 0(0) 1(1.1)
PDDS' score, mean (SD) 19(2.1) N/AY N/A N/A N/A N/A
MSRS-R" score, mean (SD) 7.6 (5.5) N/A N/A N/A N/A N/A
PROMIS Physical Function T-score, mean (SD) 46.4 (10.8) 56.3 (9.0) <.001 N/A N/A N/A

8Cross-sectional cohorts include cohorts 1 and 2 (University of Pittsburgh Medical Center: clinic-based cohort and Multiple Sclerosis Resilience to
COVID-19 [MSReCOV] collaborative recruitment), cohorts 3 and 4 (Columbia University Irving Medical Center: clinic-based cohort and M SReCOV
collaborative recruitment), cohort 5 (Yale University), cohort 6 (University of Buffalo Medical Center), cohort 7 (University of Pennsylvania), and
cohort 8 (Genes and Environment in Multiple Sclerosis [GEMS] cohort).

bLongitudinal cohorts include cohort 1 (University of Pittsburgh Medical Center: clinic-based cohort), cohort 3 (Columbia University Irving Medical
Center: clinic-based cohort), and cohort 8 (GEMS cohort).

‘pwMSS: people with multiple sclerosis.
ditalicized P values met the significance threshold (P<.05).

®The sample sizefor certain questionnaire response may be smaller than the overall cohort size due to the optional completion of certain questions (e.g.,
employment status) to minimize participant discomfort.

PDDS: Patient Determined Disease Steps.

IN/A: not applicable.

PMSRS-R: M ultiple Sclerosis Rating Scale-Revised.

IPROMIS: Pati ent-Reported Outcomes Measurement Information System.

Thelongitudinal analysisincluded 230 pwM S and 136 controls.
Similar to the cross-sectional analysis, controls were younger
(age: mean 50.4, SD 11.7'y for pwM S and mean 43.1, SD 12.6
y for controls), had higher levels of education (163/225, 72.4%
of pwMS and 103/114, 90.4% of controls completed college)
and employment (pwMS: 98/223, 43.9%; controls: 81/114,
71.1%), and had higher annual household income than pwMS.

Cross-Sectional Analysis of the Pandemic Period

First, we compared the network features of pwM S and controls
during the COVID-19 pandemic (Table 2). In this unadjusted
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analysis, pwMS had higher density, higher constraint, smaller
effective size, a higher percentage of kin, a lower percentage
of people known for <6 years, lower percentage of network
members who live >15 miles (>24 km) away, and lower
percentage of network members who drink in their social
networks when compared to controls. pwMS and controls
reported similarly high percentages of their network members
with a perceived negative hedlth influence (pwMS:. mean
36.16%, SD 30.43%; controls: mean 36.34%, SD 30.16%).
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Table 2. Comparison of personal social network features in people with multiple sclerosis (MS) and controls during the COVID-19 pandemic.

pwM S (N=1130), Controls (N=1250),

Features mean (SD) mean (SD) P valueP

Network structure
Network size 6.79 (4.24) 6.78 (3.90) 95
Density 0.76 (0.25) 0.72 (0.24) <.001
Constraint 56.88 (19.07) 54.30 (17.03) .001
Effective size 2.97 (1.62) 3.38 (1.65) <.001
Maximum degree 4.38 (2.07) 4.54(1.99) .06
Mean degree 3.48 (1.77) 3.43 (1.59) 49

Network composition
Percentage of kin 55.89 (29.50) 50.71 (28.84) <.001
SD of age 12.65 (6.80) 11.96 (5.82) .03
Diversity of sex 67.26 (39.72) 70.80 (30.26) .02
Diversity of race 6.00 (16.42) 7.32(17.03) .06
Percentage of network members contacted weekly or less 15.89 (20.90) 17.67 (21.15) .04
Percentage of network members known for <6 years 11.81 (19.61) 17.57 (23.65) <.001
Percentage of network members who live >15 miles (>24 km) away 32.45 (27.82) 38.93 (26.63) <.001
Percentage of network members who drink 12.43 (24.03) 16.63 (26.55) <.001
Percentage of network members who smoke 8.87 (18.14) 7.17 (15.85) .02
Percentage of network members who are nonexercisers 35.28 (31.60) 39.06 (30.43) .004
Percentage of network members who have a bad diet 23.04 (27.61) 22.75 (28.08) .81
Percentage of network members with a negative health influence 36.16 (30.43) 36.34 (30.16) .89

3wMS : people with multiple sclerosis.

Bitalicized P values met the significance threshold (P<.002; a=.05, corrected for 18 comparisons).

Next, we examined the association between each structural and
compositional network feature in relation to PDDS, MSRS-R,
and PROMIS Physical Function scores in pwMS during the
pandemic, after adjusting for age, disease duration, employment,
and income in linear regression models (Table 3). pwM S who
had a higher percentage of network members with a perceived
negative health influence had higher M SRS-R scores, indicating

https://publichealth.jmir.org/2024/1/e45429

greater MS symptom burden and disability (3=2.181, 95% ClI
1.082-3.279; P<.001). None of the specific network health
behavior features (e.g., smoking, alcohol use, bad diet, and
sedentary lifestyl€) that might be construed as anegative health
influence showed a statistically significant association with
MSRS-R scores. No other network feature had a significant
association with any of the PROs after Bonferroni correction.
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Table 3. Cross-sectional analysis of personal social network features in relation to patient-reported outcomes in people with multiple sclerosis during
the COVID-19 pandemic.

Features PDDS? MSRS-R? PROMIS® Physical Function
Sample Sample Sample
size,n®  BE(95% Cl) Pvaue' size nd (°(95% Cl) Pvdue sizend B°(95% Cl) P valuef
Network structure
Size 737 -0.017 (-0.050 .31 737 -0.032 (-0.117 .46 728 0.165(0.001to .049
to 0.016) to 0.053) 0.330)
Density 704 -0.051 (-0.569 .85 704 0.115(-1.212 .87 695 -0.369 (2933 .78
to 0.467) t0 1.443) t0 2.194)
Constraint 704 —-0.001 (-0.009 .68 704 —-0.004 (-0.023 .63 695 —-0.006 (-0.041 .75
to 0.006) to 0.014) to 0.029)
Effective size 704 0.006 (-0.079 .90 704 —0.044 (-0.262 .69 695 0.150 (-0.270 .48
to 0.091) t0 0.173) to 0.569)
Maximum degree 704 0.018 (-0.050 .60 704 0.020 (-0.153 .82 695 0.017 (-0.316 .92
to 0.085) t0 0.192) to 0.350)
Mean degree 704 0.012 (-0.066 .77 704 0.078(-0.121 44 695 -0.049 (-0.433 .80
to 0.089) t0 0.277) to 0.335)
Network composition
Percentage of kin 713 0.191 (-0.250 .40 713 0.614 (0514 .29 704 -1.356 (3541 .22
t0 0.632) to 1.742) to0 0.830)
SD of age 534 -0.010 (-0.032 .36 534 -0.013(-0.071 .66 526 0.025(-0.082 .65
t0 0.012) to 0.045) t0 0.132)
Diversity of sex 707 0.148 (-0.277 .49 707 0.240 (-0.844 .66 698 -1.143(-3.249 .29
to 0.574) to 1.324) t0 0.962)
Diversity of race 701 0.545 (-0.403 .26 701 -1.058(-348 .39 692 —-1.506 (-6.195 .53
to 1.492) to 1.365) t03.183)
Percentage of network 713 0.394(-0.245 .23 713 -0.601(-2.238 .47 704 -1.130(-4.306 .49
members contacted weekly to 1.034) to 1.036) t0 2.046)
or less
Percentage of network 713 -0.215(-0.909 .54 713 —-0.050 (-1.825 .96 704 1326 (2.11to .45
members known for <6 t0 0.478) to 1.725) 4.763)
years
Percentage of network 713 -0.199 (-0.667 .40 713 0.176 (-1.023 .77 704 2.306 (-0.008 .05
members who live >15 to 0.269) to 1.374) t0 4.619)
miles (>24 km) away
Percentage of network 713 -0.326 (-0.920 .28 713 -0.391(-1.912 .61 704 2979 (-0.003 .05
members who drink to 0.268) to 1.130) t0 5.960)
Percentage of network 713 -0.139(-0.882 .71 713 1.046 (-0.853 .28 704 —2.155(-5.827 .25
members who smoke to 0.603) to 2.944) t0 1.518)
Percentage of network 713 -0.069 (-0.486 .75 713 0.771(-0.295 .15 704 -0.281 (-2.351 .79
memberswho are nonexer- t0 0.348) to 1.837) 10 1.788)
cisers
Percentage of network 713 0.048 (-0.437 .85 713 1.242 (0.003to0 .049 704 —2.794 (-5.189 .02
members who have a bad to 0.534) 2.481) to —0.400)
diet
Percentage of network 713 -0.281(-0.714 .20 713 2181 (1.082to <.001 704 —0.650 (-2.795 .55
members with a negative t0 0.153) 3.279) t0 1.494)

health influence

3PDDS: Patient Determined Disease Steps.

PMSRS-R: M ultiple Sclerosis Rating Scale-Revised.
°PROMIS: Patient-Reported Outcomes Measurement Information System.

%The smaller sample size in this analysis when compared to the overall cohort size was due to the requirement for participants who had complete data
elements for network feature, neurological outcome, and all covariates.
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€Adjusted for potential confounders (as identified in Figure S1 in Multimedia Appendix 2), including age, disease duration, employment, and income.
fltalicized P value met the significance threshold (P<.00092; a=.05, corrected for 54 comparisons).

For comparison, we examined the association between each
network feature and PROMIS Physical Function scores during
the pandemic in controls (Table S2 in Multimedia Appendix
2). We adjusted for age, employment, and income, whereas
disease duration was not applicable for controls. We found that
a lower maximum degree (3=0.383, 95% CI 0.141-0.626;
P=.002), a higher percentage of network members who smoke
(B=—4.846, 95% Cl —7.919 to —1.774; P=.002), and a higher
percentage of network memberswith aperceived negative hedlth
influence (=-5.707, 95% Cl —7.405 to —4.010; P<.001) were
associated with lower PROMI S Physical Function scores (worse
physical function) in controls. Given that the percentage of
network members with a perceived negative health influence
was associated with MSRS-R scores in pwMS and with
PROMIS Physical Function scores in controls, respectively,
this important compositional network feature that assesses the
perception of negative health influences in the personal social
network may contribute to physical impairment in both pwMS
and controls.

Moderation Analysis Assessing the Role of Having an
M S Diagnosis

We performed amaoderation analysisto examine whether having
an MS diagnosis influences the strength and direction of the
association between network features and PROMIS Physical
Function score during the COVID-19 pandemic (Figure 2A,
Table $4 in Multimedia Appendix 2). In this joint analysis

https://publichealth.jmir.org/2024/1/e45429

combining pwM Sand controls, an M S diagnosismoderated the
direction and strength of the association between several
network features (diversity of race, percentage of network
members who live >15 miles [>24 km] away, percentage of
network members who drink, and percentage of network
members with a perceived negative health influence) and
PROMIS Physical Function score. For diversity of race, the
moderating effect of an M S diagnosiswas marginally significant
(B=-5.878, 95% CI —10.889 to —0.868; P=.02) such that this
network feature was not significantly associated with physical
function in either pwMS (dope=—2.968, 95% Cl —6.893 to
0.956; P=.14) or controls (d ope=2.910, 95% Cl —0.224 t0 6.044;
P=.07; Figure 2B). Having a higher percentage of network
members who live >15 miles (>24 km) away was associated
with higher physical function in pwMS (slope=3.890, 95% ClI
1.852-5.928; P<.001) but not in controls (slope=—0.772, 95%
Cl —2.765 to 1.221; P=.45; Figure 2C), given the moderating
effect of an MSdiagnosis. Similarly, having ahigher percentage
of network members who drink was associated with worse
physical functionin pwMS (slope=3.716, 95% CI 1.392-6.039;
P=.002) but again not in controls (sl ope=—0.982, 95% CI —2.966
to 1.003; P=.33; Figure 2D). For percentage of network
memberswith aperceived negative hedth influence, both groups
exhibited the same direction of association with physical
function, but pwM S had a smaller magnitude of the association
(slope=2.174, 95% CI —4.019 to —0.329; P=.02) than controls
(slope=~6.601, 95% ClI —8.494 to —4.708; P<.001; Figure 2E).
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Figure 2. Role of multiple sclerosis (MS) diagnosis in moderating the association between personal social network features and Patient-Reported
Outcomes Measurement | nformation System (PROMIS) Physical Function scoresin peoplewith MS (pwMS) and controls. (A) Inamoderation analysis,
we examined the association between each network feature and PROMIS Physical Function after combining the datafrom pwM S and controls and after
adjusting for age, employment, and income as covariates and further investigated whether having an M S diagnosis moderated the direction or strength
of this association. An MS diagnosis moderated the direction of the association between (B) diversity of race, (C) percentage who live >15 miles (>24
km) away, and (D) percentage who drink and PROMIS Physical Function, as well as the strength of the association between (E) percentage of people
with a perceived negative health influence and PROMIS Physical Function. Values on x-axis indicate the 25th, 50th, 75th percentile.
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L ongitudinal AnalysisComparingthe Pandemic Period
With the Prepandemic Baseline

We conducted a longitudinal analysis using a subset of pwMS
and controls who completed the PERSNET survey both before
and during the pandemic. During the pandemic, both pwMS
and controls reported a lower percentage of people contacted
weekly when compared to the prepandemic baseline (decrease
from mean 23.48%, SD 24.95% to mean 14.89%, SD 24.95%
for pwM S, P<.001; decrease from mean 30.34%, SD 26.35%
to mean 18.78%, SD 22.2% for controls, P<.001), reflecting
the widespread social isolation during the pandemic (Table 4).
When compared to the prepandemic baseline in both pwMS
and controls, there was a reduction in network size
(pwM S-prepandemic: mean 8.02, SD 5.70; pwM S-pandemic:
mean 6.63, SD 4.16; P=.003. Controls-prepandemic: mean 8.18,
SD 4.05; controls-pandemic: mean 6.44, SD 3.92; P<.001),
effective size (pwMS-prepandemic: mean 3.30, SD 1.59;
pwMS-pandemic. mean 290, SD 1.50; P=.007.
Controls-prepandemic: mean 3.85, SD 1.56; controls-pandemic:
mean 3.40, SD 155, P=.01), and maximum degree
(pwM S-prepandemic: mean 4.78, SD 1.86; pwM S-pandemic:
mean 4.32, SD 1.92; P=.01. Controls-prepandemic: mean 5.38,
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Riley et a

SD 1.94; controls-pandemic: mean 4.55, SD 2.06; P<.001), as
well as an increase in constraint (pwM S-prepandemic: mean
52.24, SD 15.81; pwMS-pandemic: mean 56.77, SD 18.91;
P=.006. Controls-prepandemic: mean 48.07, SD 13.36;
controls-pandemic: mean 53.99, SD 16.31; P=.001). These
findings indicate contraction in personal social networks for
both pwMS and controls during the pandemic period. There
was an increase in the percentage of kin (from mean 46.06%,
SD 29.34% to mean 54.36%, SD 30.16%; P=.003) in the
networks of pwMS during the pandemic, which was not seen
in controls.

Finally, we examined whether changesin network features due
to the pandemic (i.e., pandemic value minus the most proximal
prepandemic baseline) in pwM S were associated with the PROs
during the pandemic (Figure 3). We found no significant
association between changes in network features and the latest
available pandemic PROs. As a confirmation of these findings,
there was no difference between the observed and expected
distribution of the P values of association between changesin
network features and pandemic PROsin the permuted omnibus
test (PDDS: P=.88, MSRS-R: P=.29, and PROMIS Physical
Function: P=.28).
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Table 4. Persona socia network features in people with multiple sclerosis (MS) and controls during the COVID-19 pandemic when compared to the
within-subject prepandemic baseline.

Controls. prepandem-  Controls: during the pwM s> prepandemic  pwMS: during the
ic baseline (N=136), pandemic (N=136), baseline (N=230), pandemic (N=230),

Features mean (SD) mean (SD) Pvaue® mean (SD) mean (SD) P value
Network structure

Network size 8.18 (4.05) 6.44 (3.92) <.001 8.02(5.70) 6.63 (4.16) .003

Density 0.69 (0.24) 0.72 (0.24) 24 0.74 (0.25) 0.77 (0.24) 14

Constraint 48.07 (13.36) 53.99 (16.31) .001 52.24 (15.81) 56.77 (18.91) .006

Effective size 3.85 (1.56) 3.40 (1.55) .01 3.30 (1.59) 2.90 (1.50) .007

Maximum degree 5.38 (1.94) 4.55 (2.06) <.001 4.78(1.86) 4.32(1.92) .01

Mean degree 3.95(1.71) 3.47 (1.72) .02 3.70 (1.64) 3.47 (1.66) 14
Network composition

Percentage of kin 47.69 (22.86) 50.27 (26.87) .38 46.06 (29.34) 54.36 (30.16) .003

SD of age 12.67 (5.20) 11.60 (6.26) .15 12.69 (6.05) 13.74 (6.69) .23

Diversity of sex 77.61 (24.00) 70.31 (30.73) .03 57.14 (39.82) 52.17 (57.90) .29

Diversity of race 7.97 (18.55) 8.31(18.43) .87 5.66 (15.54) 7.13 (20.47) .39

Percentage of network mem-  30.34 (26.35) 18.78 (22.23) <.001 23.48(24.95) 14.89 (20.95) <.001

bers contacted weekly or less

Percentage of network mem-  21.22 (23.58) 18.31 (21.95) .27 13.26 (19.83) 10.41 (18.39) 12

bers known for <6 years

Percentage of network mem-  41.37 (28.04) 38.88 (28.42) 45 31.48 (25.57) 33.76 (29.36) .38

berswho live >15 miles (>24

km) away

Percentage of network mem-  17.85 (27.04) 19.13 (27.58) .70 8.85(18.87) 10.32 (21.66) 51

bers who drink

Percentage of network mem-  12.70 (24.28) 8.09 (18.57) .06 12.72 (22.43) 9.13 (17.90) .06

bers who smoke

Percentage of network mem-  41.93 (27.91) 39.86 (30.42) .55 39.33(30.94) 31.88(33.13) .01

bers who are nonexercisers

Percentage of network mem-  31.32 (28.73) 25.74 (27.77) A1 24.95 (29.57) 24.87 (30.21) .98

bers who have abad diet

Percentage of network mem-  36.29 (24.75) 35.59 (25.14) .82 36.77 (29.71) 38.02 (28.61) .70

bers who have a negative
health influence

3 talicized P values met the significance threshold (P<.05).
b|owM S: people with multiple sclerosis.
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Figure 3. Quantile-quantile plots demonstrating longitudinal changesin personal socia network features (due to the COVID-19 pandemic) in relation
to patient-reported outcomes during the pandemic in people with multiple sclerosis. Comparison of observed and expected associations between the
difference in each quantitative structural and compositional personal socia network feature (pandemic value minus prepandemic baseling) in relation
to each of the 3 measures of neurological and physical function status—(A) Patient Determined Disease Steps (PDDS), (B) Multiple Sclerosis Rating
Scale-Revised (MSRS-R), and (C) Patient-Reported Outcomes Measurement Information System (PROMIS) Physical Function—during the pandemic
in people with multiple sclerosis after adjusting for age, disease duration, employment, income, study cohort, and time lapse between prepandemic and
pandemic personal network questionnaire (PERSNET) survey assessments. Expected P values (Hog10 P value) were plotted on the x-axis and observed
P values (Hog10 P value) on the y-axis. The gray area encompasses the 95% Cls. Points outside the gray area were considered statistically significant

without adjustment for multiple comparisons.
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Principal Findings

Our quantitative assessment of the persona social network
environment of pwMS during the early COVID-19 pandemic
has several key findings. First, a higher percentage of network
members with a perceived negative health influence was
associated with greater neurological symptom burdenin pwMS
and worse physical function in controls during the pandemic,
validating our prepandemic findings and suggesting a shared
contribution of this important social environmental feature
toward physical functionin pwM S and controls. The magnitude
of thisassociation waslarger in controlsthan in pwMS. Second,
the personal social networks of pwMS and controls both
experienced contraction during the COV1D-19 pandemic when
compared to the prepandemic baseline, and the personal
networks of pwMS comprised a higher percentage of kin than
those of controls during the pandemic. The percentage of people
contacted weekly or less also decreased for both pwMS and
controls, suggesting increased socia isolation overall. Finally,
changes in personal network features related to the COVID-19
pandemic (when compared to the prepandemic baseline) in
pwM Swere not associated with worsening disability during the
pandemic, suggesting an element of neurological resilience
despite the significant perturbation in social environment and
connections.

Our study design has several novel aspects. First, thisisthefirst
known direct comparison of the personal social networks of
pwMS and controls during the height of the COVID-19
pandemic when public health measures enacted to reduce
contagion were widespread. Second, this is the first effort to
longitudinally quantify changes in the personal networks of
pwMS and controls due to the pandemic. Third, this study

https://publichealth.jmir.org/2024/1/e45429

the associations between personal social network features and
clinical outcomes in terms of both strength and directionality.
Finally, thislargest cross-sectional and longitudinal quantitative
examination of the association of personal networksin relation
to neurological and physical functions (not just in pwMS)
explored the potential of neurological resilience secondary to
social perturbation in the setting of the COVI1D-19 pandemic.

The finding of the association between a higher percentage of
network members with a perceived negative health influence
and worse neurological disability in pwM S and worse physical
function in controls during the COVID-19 pandemic validated
our prior findings from the prepandemic period [20]. These
findings are unlikely to be spurious, given the relatively high
proportion of participants (both pwMS and controls) whose
network members have a perceived negative health influence.
We hypothesize that having a higher percentage of network
members with a perceived negative health influence in one’'s
socia network could indicate low perceived social support and
negative illness perception, which are both associated with
worse psychosocial and health outcomes [53-59]. Moreover,
this may decrease an individua’s likelihood of engaging in
healthy behaviors (e.g., minima alcohol consumption,
abstention from smoking, regular exercise, healthy diet, and
medication adherence) that may reduce overall comorbidities,
MSrelated disease activity, and neurological disability
accumulation.

During the pandemic, the persona social networks of both
pwMS and controls contracted when compared to the
prepandemic period, as indicated by the decrease in network
size, effective size, and maximum degree. Although changesin
the density of the personal socia networks were minimal,
constraint increased in both pwMS and controls, providing
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further evidence for network contraction. The contraction of
personal social networks was driven by the pruning of weak
tiesin the socia network. In our analysis, the strength of the
ties was quantified by assessing the frequency of interaction
(percentage contacted weekly or less), the duration of contact
(percentage known for <6 y), and the proximity (percentage
who live >15 miles [>24 km] away) of network members.
Although there was no change in the duration of contact or the
proximity of network members for both pwMS and controls,
there was a statistically significant decrease in the frequency of
contact (percentage contacted weekly or less) in both groups.
The reduction in the network size and frequency of contact
suggests that both pwMS and control participants interacted
less with wesk ties in their network based on our method of
assessment of tie strength. In the context of the early COVID-19
pandemic, it is conceivablethat all participants kept their social
circles tight knit and interacted predominantly with close
contacts to minimize potential COVID-19 exposure.

The previously reported association between tightly knit
personal social networks and worse physical function was not
observed in this study [20]. We postul ate several explanations.
First, the contraction of social networks in pwMS as well as
controls during the pandemic when compared to the
prepandemic baseline is likely attributable to public health
measures aiming to prevent the spread of COVID-19. Personal
socia networks contracted and became tighter knit among
pwM S during the pandemic, whereasthere was greater diversity
(e.g., higher effective network size and lower constraint) in the
personal networks of pwM S before the pandemic. In our prior
cross-sectional study, the direction of the association between
network features and physical function could not be fully
determined [20]. It is possible that pwMS with better
neurological and physical function might have had more diverse
personal socia networks before the pandemic, but the overall
contraction of socia networks during the pandemic among
pwM S might have masked the association between tightly knit
networks and worse physical function. Future longitudinal
analyses examining the change in network features from the
pandemic period to the postpandemic period may provideinsight
if the network diversity reverts to the prepandemic baseline
versus if the new baseline persists. Second, because the
contraction of persona social networks during the pandemic
was a relatively recent (as of the data collection) and sudden
event, there may not have been sufficient time for the onset of
observable changesin neurological function. An assessment of
neurological function at future time points could inform the
long-term impact of social network changes due to the
pandemic. Finally, thelack of an association between tight-knit
personal networks and physical function suggests potential
resilience of pwMS in coping with social changes attributable
to the pandemic [57-60]. Although having tight-knit networks
istypically associated with negative health outcomes, tight-knit
networks may be advantageous in the context of minimizing
COVID-19 exposures. In pwMS, these tight-knit networks saw
an increase in the percentage of kin, which was not seen in
controls. Having the support of kin could potentially help
preserve neurological functionin pwMS (e.g., family members
help patients to get to clinic or rehabilitation visits or increase
medication adherence). Thedifferential impact of the COVID-19
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pandemic and social isolation policies may have led pwMS to
minimize social contact and restrict themselvesto their tight-knit
circle, given their higher risk of severe manifestations of
COVID-19 [29-32].

The moderation analysis examined the interacting effect of
having an M S diagnosis on the association between personal
socia networks and PROs in a joint analysis of pwMS and
controls. An MS diagnosis moderated the association between
specific personal social network features and physical function
with respect to the direction (i.e., diversity of race, percentage
of people who live >15 miles [>24 km] away, and percentage
of peoplewho drink) or strength (i.e., percentage of peoplewith
aperceived negative health influence) of the associations. Some
of the differencesin the results between the moderation analysis
and the cross-sectional analysis for pwMS could be due to the
inclusion of an M S diagnosis asamoderator variable (affecting
the strength and direction of the association between network
features and PROs) and inability to adjust for disease duration
inthisjoint analysis because this covariate is not applicable for
controls. Notably, a lower percentage of people who live >15
miles (>24 km) away and a lower percentage of people who
drink within the personal networks of pwMS (but not controls)
were each associated with worse physical function. pwM Swith
low physical function may need more support, which may
explain their personal networks comprising a low percentage
of people who live far away and a high proportion of kin who
are more likely to live in the same household or in the vicinity.
pwMS with low physical function may aso be more inclined
to seek out individuals whose healthy behaviors (e.g., minimal
alcohol consumption) could have a positive health influence.
The association between a higher percentage of people with a
perceived negative health influence and worse physical function
in pwMS (and controls) persisted. Interestingly, having higher
perceived negative health influences had more of an impact on
physical function in controls than in pwMS. We hypothesize
that this effect is weaker in pwMS due to the likely resilience
of pwMS, given their experience with a chronic neurological
disease and having support from tight-knit circles, especialy
during the pandemic[60-63]. As pwM S havetight-knit networks
with a high percentage of kin, it is conceivable that they have
better support systemsthan controls. Interventionsthat empower
individual swith the knowledge, skills, and support to effectively
reduce the impact of perceived negative health influences (e.g.,
education on stress management and coping strategies) may be
beneficial in the general population.

Strengthsand Limitations

Thisstudy has several strengths. First, thelongitudinal analysis
of changes in personal social networks due to the pandemic in
comparison with the prepandemi ¢ baseline had awithin-subject
design. Consequently, we postulated that changes in network
features suggestive of personal network contraction in the same
participants during the pandemic (compared to their
prepandemic baseline) is likely attributable to the pandemic,
possibly because of the necessary public health measures.
Second, we used three independent but interrelated PROs as a
pragmatic method to assess the real-world status of neurol ogical
disability and physical function during the early pandemic period
when clinical research participation became severely restricted.
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These validated PROs, two specificaly for MS and one
generalizable across health and disease, have shown strong
correlations with physician-rated measures of neurological
function (e.g., EDSS) in prior studies [43-47]. Third, we
conducted both cross-sectional and longitudinal analysesin not
only pwMS but also in controls, which enabled a comparison
of the differential impact of the pandemic on their personal
socia networks. Fourth, the moderation analysis examining the
role of having an MS diagnosis on the association between
network features and physical function enabled an exploration
of the strength and directionality of these complex relationships.
Finally, we leveraged alarge multicenter data set representative
of the northeastern and mid-Atlantic regions of the United States
with greater geographic diversity than prior studies, potentially
increasing the generalizability of the study findings.

Our study also has limitations. First, the direction of the
association between the percentage of people with a perceived
negative health influence and physical function cannot be
determined because we cannot infer causality. Therefore, it is
possible that participants with greater disability or worse
physical function could perceive that their personal network
members exert a negative health influence. Conversely,
participantswith ahigher percentage of network memberswith
a perceived negative hedth influence could have greater
disability or worse physical function. This limitation could be
addressed by testing causality in future intervention studies. For
example, in persons with a high percentage of people with a
negative influence in the personal social network, we can
compare the efficacy of interventions engaging the social
network of the index person (e.g., providing closer monitoring
of medication adherence and more encouragement to promote
healthy behaviors) against the standard of care. Second, we did
not assess the health status of network members as perceived
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by the index participant (e.g., if a network member wasin bad
or good health) or examine the association between the health
status of the index participant and the perceived health status
of their network members. This limitation could be addressed
by incorporating relevant questions in future versions of the
PERSNET survey. Third, the sample size of the longitudinal
analysis was limited by the relatively modest number of
participants with available quantified prepandemic personal
networks as baseline. As such, the study did not have sufficient
power for subgroup analysis stratified by demographic or
clinical subtypes. Last, we sampled participants personal
networks and neurological and functional status at one time
point during the COVID-19 pandemic. The COVID-19 cases
varied across areas and throughout the pandemic, whereas
participants resided in urban, suburban, and rural environments
that were differentially affected during the pandemic.
Nevertheless, most of the study populations shared broader
geographic regions (northeastern and mid-Atlantic United
States) and completed the study response during the early period
of the pandemic when federal- and state-level mandates were
relatively uniform in terms of stay-at-home orders, physical
distancing, and other mitigation guidelines.

Conclusions

In conclusion, thisstudy highlightstheimpact of the COVID-19
pandemic on personal social networks in pwMS and controls.
Our findings generate important hypotheses for testing future
interventions that may modify personal socia networks to
improve health outcomes. Future longitudinal studies examining
the long-term impact of the COVID-19 pandemic on the
evolution of personal social networksand neurological outcomes
in people with chronic neurological disorders such as MS are
warranted.

This study was supported by the National Institute of Neurological Disorders and Stroke (RO1INS124882).

Data Availability

The data sets generated for this study are not publicly available because protected health information is collected in the PERSNET
survey. The deidentified data are available from the corresponding author on reasonable request and will be shared with approval
from each participating site.

Conflictsof Interest

BWG has received grant or research support from Novartis, Genentech, EMD Serono, Celgene or Bristol Myers Squibb, Sanofi,
Genzyme, Janssen, Horizon, Bayer, and Labcorp and has participated in speakers’ bureaus for Biogen. She serves on the editorial
board of BMJ Neurology, Children, CNS Drugs, MS International, Journal of Neurology, and Frontiers in Epidemiology. E
Longbrake has received honorariafor consulting for Bristol Myers Squibb, EMD Serono, Genentech, Genzyme, NGM Bio, TG
Therapeutics, and Janssen. She has received research support from Genentech and Biogen. Sheis on the editorial staff of Annals
of Neurology and serves on the editorial boards of Journal of Neuroimmunology and Neurology: Neuroimmunology &
Neuroinflammation. All other authors declare no other conflicts of interest.

Multimedia Appendix 1

Personal network (PERSNET) survey.
[PDFE File (Adobe PDF File), 149 KB-Multimedia Appendix 1]

https://publichealth.jmir.org/2024/1/e45429 JMIR Public Hedlth Surveill 2024 | vol. 10 | e45429 | p. 15

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=publichealth_v10i1e45429_app1.pdf&filename=c828ec117a17c7edf123e278b7ac0ef9.pdf
https://jmir.org/api/download?alt_name=publichealth_v10i1e45429_app1.pdf&filename=c828ec117a17c7edf123e278b7ac0ef9.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Riley et d

Multimedia Appendix 2

Supplementary material.
[PDE File (Adobe PDF File), 1530 KB-Multimedia Appendix 2]

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Reich DS, Lucchinetti CF, Calabresi PA. Multiple sclerosis. N Engl JMed. Jan 11, 2018;378(2):169-180. [FREE Full text]
[doi: 10.1056/NEIMral401483] [Medline: 29320652]

Baecher-Allan C, Kaskow BJ, Weiner HL. Multiple sclerosis: mechanisms and immunotherapy. Neuron. Feb 21,
2018;97(4):742-768. [FREE Full text] [doi: 10.1016/j.neuron.2018.01.021] [Medline: 29470968]

Olsson T, Barcellos LF, Alfredsson L. Interactions between genetic, lifestyle and environmental risk factors for multiple
sclerosis. Nat Rev Neurol. Jan 9, 2017;13(1):25-36. [doi: 10.1038/nrneurol.2016.187] [Medline: 27934854]

Smith KJ, Gavey S, Rlddell NE, Kontari P, Victor C. The association between loneliness, social isolation and inflammation:
asystematic review and meta-analysis. Neurosci Biobehav Rev. May 2020;112:519-541. [doi:
10.1016/j.neubiorev.2020.02.002] [Medline: 32092313]

Dhand A, Luke DA, Lang CE, Lee JM. Socia networks and neurological illness. Nat Rev Neurol. Oct 12,
2016;12(10):605-612. [doi: 10.1038/nrneurol.2016.119] [Medline: 27615420]

Dhand A, Lang CE, Luke DA, Kim A, Li K, McCafferty L, et al. Socia network mapping and functional recovery within
6 months of ischemic stroke. Neurorehabil Neural Repair. Nov 2019;33(11):922-932. [FREE Full text] [doi:
10.1177/1545968319872994] [Medline: 31524080]

Dhand A, McCafferty L, Grashow R, Corbin IM, Cohan S, Whittington AJ, et al. Social network structure and composition
in former NFL football players. Sci Rep. Feb 01, 2021;11(1):1630. [FREE Full text] [doi: 10.1038/s41598-020-80091-w]
[Medline: 33526803]

Smith KP, Christakis NA. Social Networks and Health. Annu Rev Sociol. Aug 01, 2008;34(1):405-429. [FREE Full text]
[doi: 10.1146/annurev.soc.34.040507.134601]

Kever A, Buyukturkoglu K, Levin SN, Riley CS, de Jager P, Leavitt VM. Associations of social network structure with
cognition and amygdalavolumein multiple sclerosis. an exploratory investigation. Mult Scler. Feb 26, 2022;28(2):228-236.
[doi: 10.1177/13524585211018349] [Medline: 34037495]

Balto JM, Pilutti LA, Motl RW. Lonelinessin multiple sclerosis: possible antecedents and correlates. Rehabil Nurs. Jan
2019;44(1):52-59. [doi: 10.1097/rnj.0000000000000128] [Medline: 30601432]

Beal CC, Stuifbergen A. Loneliness in women with multiple sclerosis. Rehabil Nurs. Jul 2007;32(4):165-171. [doi:
10.1002/j.2048-7940.2007.tb00171.x] [Medline: 17650784]

Borreani C, Bianchi E, Pietrolongo E, Rossi |, Cilia S, Giuntoli M, et al. Unmet needs of people with severe multiple
sclerosisand their carers: qualitative findingsfor ahome-based intervention. PLoS One. Oct 6, 2014;9(10):€109679. [FREE
Full text] [doi: 10.1371/journal.pone.0109679] [Medline: 25286321]

Rokach A. Lonelinessin cancer and multiple sclerosis patients. Psychol Rep. Apr 2004;94(2):637-648. [doi:
10.2466/pr0.94.2.637-648] [Medline: 15154196]

Jaremka LM, Fagundes CP, Peng J, Bennett JM, Glaser R, Maarkey WB, et a. Loneliness promotes inflammation during
acute stress. Psychol Sci. Jul 01, 2013;24(7):1089-1097. [FREE Full text] [doi: 10.1177/0956797612464059] [Medline:
23630220]

Leavitt VM, Riley CS, de Jager PL, Bloom S. eSupport: feasibility trial of telehealth support group participation to reduce
lonelinessin multiple sclerosis. Mult Scler. Nov 31, 2020;26(13):1797-1800. [doi: 10.1177/1352458519884241] [Medline:
31668134]

KarelinaK, Norman GJ, Zhang N, Morris JS, Peng H, DeVries AC. Social isolation alters neuroinflammatory response to
stroke. Proc Natl Acad Sci U SA. Apr 07, 2009;106(14):5895-5900. [FREE Full text] [doi: 10.1073/pnas.0810737106]
[Medline: 19307557]

Dhand A, Podury A, Choudhry N, Narayanan S, Shin M, Mehl MR. Leveraging socia networks for the assessment and
management of neurological patients. Semin Neurol. Apr 2022;42(2):136-148. [FREE Full text] [doi:
10.1055/s-0042-1744532] [Medline: 35675821]

Cacioppo JT, Hawkley LC, Crawford LE, Ernst IM, Burleson MH, Kowalewski RB, et a. Loneliness and health: potential
mechanisms. Psychosom Med. May 2002;64(3):407-417. [doi: 10.1097/00006842-200205000-00005] [Medline: 12021415]
Dhand A, White CC, Johnson C, Xia Z, de Jager PL. A scalable online tool for quantitative social network assessment
reveal s potentially modifiable social environmental risks. Nat Commun. Sep 26, 2018;9(1):3930. [FREE Full text] [doi:
10.1038/s41467-018-06408-6] [Medline: 30258103]

Levin SN, Riley CS, Dhand A, White CC, Venkatesh S, Boehm B, et a. Association of socia network structure and physical
function in patients with multiple sclerosis. Neurology. Sep 15, 2020;95(11):e1565-e1574. [FREE Full text] [doi:
10.1212/WNL .0000000000010460] [Medline: 32769139]

https://publichealth.jmir.org/2024/1/e45429 JMIR Public Hedlth Surveill 2024 | vol. 10 | e45429 | p. 16

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=publichealth_v10i1e45429_app2.pdf&filename=dcee33e4432810b49237dd3d3440bb48.pdf
https://jmir.org/api/download?alt_name=publichealth_v10i1e45429_app2.pdf&filename=dcee33e4432810b49237dd3d3440bb48.pdf
https://europepmc.org/abstract/MED/29320652
http://dx.doi.org/10.1056/NEJMra1401483
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29320652&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0896-6273(18)30046-1
http://dx.doi.org/10.1016/j.neuron.2018.01.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29470968&dopt=Abstract
http://dx.doi.org/10.1038/nrneurol.2016.187
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27934854&dopt=Abstract
http://dx.doi.org/10.1016/j.neubiorev.2020.02.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32092313&dopt=Abstract
http://dx.doi.org/10.1038/nrneurol.2016.119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27615420&dopt=Abstract
https://europepmc.org/abstract/MED/31524080
http://dx.doi.org/10.1177/1545968319872994
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31524080&dopt=Abstract
https://doi.org/10.1038/s41598-020-80091-w
http://dx.doi.org/10.1038/s41598-020-80091-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33526803&dopt=Abstract
https://www.annualreviews.org/doi/abs/10.1146/annurev.soc.34.040507.134601
http://dx.doi.org/10.1146/annurev.soc.34.040507.134601
http://dx.doi.org/10.1177/13524585211018349
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34037495&dopt=Abstract
http://dx.doi.org/10.1097/rnj.0000000000000128
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30601432&dopt=Abstract
http://dx.doi.org/10.1002/j.2048-7940.2007.tb00171.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17650784&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0109679
https://dx.plos.org/10.1371/journal.pone.0109679
http://dx.doi.org/10.1371/journal.pone.0109679
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25286321&dopt=Abstract
http://dx.doi.org/10.2466/pr0.94.2.637-648
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15154196&dopt=Abstract
https://europepmc.org/abstract/MED/23630220
http://dx.doi.org/10.1177/0956797612464059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23630220&dopt=Abstract
http://dx.doi.org/10.1177/1352458519884241
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31668134&dopt=Abstract
https://europepmc.org/abstract/MED/19307557
http://dx.doi.org/10.1073/pnas.0810737106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19307557&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.1055/s-0042-1744532
http://dx.doi.org/10.1055/s-0042-1744532
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35675821&dopt=Abstract
http://dx.doi.org/10.1097/00006842-200205000-00005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12021415&dopt=Abstract
https://doi.org/10.1038/s41467-018-06408-6
http://dx.doi.org/10.1038/s41467-018-06408-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30258103&dopt=Abstract
https://europepmc.org/abstract/MED/32769139
http://dx.doi.org/10.1212/WNL.0000000000010460
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32769139&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Riley et d

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

Altieri M, Capuano R, Bisecco A, dAmbrosio A, Buonanno D, Tedeschi G, et al. The psychologica impact of COVID-19
pandemic on people with multiple sclerosis: a meta-analysis. Mult Scler Relat Disord. May 2022;61:103774. [EREE Full
text] [doi: 10.1016/j.msard.2022.103774] [Medline: 35381533]

Zarghami A, Hussain MA, Campbell JA, Ezegbe C, van der Mei |, Taylor BV, et a. Psychological impacts of COVID-19
pandemic on individuals living with multiple sclerosis: arapid systematic review. Mult Scler Relat Disord. Mar
2022;59:103562. [FREE Full text] [doi: 10.1016/j.msard.2022.103562] [Medline: 35149393]

Galea S, Merchant RM, Lurie N. The mental health consequences of COVID-19 and physical distancing: the need for
prevention and early intervention. JAMA Intern Med. Jun 01, 2020;180(6):817-818. [doi: 10.1001/jamainternmed.2020.1562]
[Medline: 32275292]

Killgore WD, Cloonan SA, Taylor EC, Dailey NS. Loneliness: a signature mental health concern in the era of COVID-19.
Psychiatry Res. Aug 2020;290:113117. [FREE Full text] [doi: 10.1016/j.psychres.2020.113117] [Medline: 32480121]
Smith L, Jacob L, Yakkundi A, McDermott D, Armstrong NC, Barnett Y, et al. Correlates of symptoms of anxiety and
depression and mental wellbeing associated with COVID-19: a cross-sectional study of UK-based respondents. Psychiatry
Res. Sep 2020;291:113138. [FREE Full text] [doi: 10.1016/j.psychres.2020.113138] [Medline: 32562931]

Nguyen MH, Gruber J, Fuchs J, Marler W, Hunsaker A, Hargittai E. Changesin digital communication during the COVID-19
global pandemic: implications for digital inequality and future research. Soc Media Soc. Sep 09,
2020;6(3):2056305120948255. [FREE Full text] [doi: 10.1177/2056305120948255] [Medline: 34192039)]

Bierman A, UpenieksL, Schieman S. Socially distant?socia network confidants, loneliness, and health during the COVID-19
pandemic. Soc Curr. May 24, 2021;8(4):299-313. [FREE Full text] [doi: 10.1177/23294965211011591]

Gauthier GR, Smith JA, Garcia C, GarciaMA, Thomas PA. Exacerbating inequalities: social networks, racial/ethnic
disparities, and the COVID-19 pandemic in the United States. JGerontol B Psychol Sci Soc Sci. Feb 17, 2021;76(3):e88-€92.
[FREE Full text] [doi: 10.1093/geronb/gbaall7] [Medline: 32756978]

Levin SN, Venkatesh S, Nelson KE, Li Y, Aguerrel, Zhu W, et al. Manifestations and impact of the COVID-19 pandemic
in neuroinflammatory diseases. Ann Clin Trand Neurol. Apr 2021;8(4):918-928. [FREE Full text] [doi: 10.1002/acn3.51314]
[Medline: 33616290]

Epstein S, XiaZ, Lee AJ, Dahl M, Edwards K, Levit E, et al. Vaccination against SARS-CoV-2 in neuroinflammatory
disease: early safety/tolerability data. Mult Scler Relat Disord. Jan 2022;57:103433. [FREE Full text] [doi:
10.1016/j.msard.2021.103433] [Medline: 34923427]

Levit E, Cohen I, Dahl M, Edwards K, Weinstock-Guttman B, Ishikawa T, et a. Worsening physical functioning in patients
with neuroinflammatory disease during the COVID-19 pandemic. Mult Scler Relat Disord. Feb 2022;58:103482. [FREE
Full text] [doi: 10.1016/j.msard.2021.103482] [Medline: 35016114]

Jakimovski D, Kavak KS, Longbrake EE, Levit E, Perrone CM, Bar-Or A, et a. Impact of resilience, social support, and
personality traitsin patients with neuroinflammatory diseases during the COVID-19 pandemic. Mult Scler Relat Disord.
Dec 2022;68:104235. [FREE Full text] [doi: 10.1016/j.msard.2022.104235] [Medline: 36283322]

Mani A, Santini T, PuppalaR, Dahl M, Venkatesh S, Walker E, et al. Applying deep learning to accelerated clinical brain
magnetic resonance imaging for multiple sclerosis. Front Neurol. Sep 27, 2021;12:685276. [FREE Full text] [doi:
10.3389/fneur.2021.685276] [Medline: 34646227]

Boorgu DS, Venkatesh S, Lakhani CM, Walker E, Aguerre IM, Riley C, et al. The impact of socioeconomic status on
subsequent neurological outcomes in multiple sclerosis. Mult Scler Relat Disord. Sep 2022;65:103994. [FREE Full text]
[doi: 10.1016/j.msard.2022.103994] [Medline: 35780727]

Chikersal P, Venkatesh S, Masown K, Walker E, Quraishi D, Dey A, et al. Predicting multiple sclerosis outcomes during
the COVID-19 stay-at-home period: observational study using passively sensed behaviors and digital phenotyping. IMIR
Ment Health. Aug 24, 2022;9(8):e38495. [FREE Full text] [doi: 10.2196/38495] [Medline: 35849686]

Kever A, Walker EL, Riley CS, Heyman RA, Xia Z, Leavitt VM. Association of personality traits with physical function,
cognition, and mood in multiple sclerosis. Mult Scler Relat Disord. Mar 2022;59:103648. [FREE Full text] [doi:
10.1016/j.msard.2022.103648] [Medline: 35134623]

XiaZ, White CC, Owen EK, von Korff A, Clarkson SR, McCabe CA, et a. Genes and environment in multiple sclerosis
project: aplatform to investigate multiple sclerosisrisk. Ann Neurol. Dec 09, 2015;79(2):178-189. [doi: 10.1002/ana.24560]
Xiaz, Steele SU, Bakshi A, Clarkson SR, White CC, Schindler MK, et al. Assessment of early evidence of multiple sclerosis
in a prospective study of asymptomatic high-risk family members. JAMA Neurol. Mar 01, 2017;74(3):293-300. [FREE
Full text] [doi: 10.1001/jamaneurol.2016.5056] [Medline: 28114441]

Harris PA, Taylor R, Thielke R, Payne J, Gonzalez N, Conde JG. Research electronic data capture (REDCap)--a
metadata-driven methodology and workflow process for providing transational research informatics support. J Biomed
Inform. Apr 2009;42(2):377-381. [FREE Full text] [doi: 10.1016/j.jbi.2008.08.010] [Medline: 18929686]

Burt RS. Network items and the general social survey. Soc Netw. Dec 1984;6(4):293-339. [FREE Full text] [doi:
10.1016/0378-8733(84)90007-8]

Wasserman S, Faust K. Social Network Analysis: Methods and Applications. Cambridge, MA. Cambridge University Press;
1994.

Burt RS. Structural holes and good ideas. Am J Sociol. Sep 2004;110(2):349-399. [EREE Full text] [doi: 10.1086/421787]

https://publichealth.jmir.org/2024/1/e45429 JMIR Public Hedlth Surveill 2024 | vol. 10 | e45429 | p. 17

(page number not for citation purposes)


https://europepmc.org/abstract/MED/35381533
https://europepmc.org/abstract/MED/35381533
http://dx.doi.org/10.1016/j.msard.2022.103774
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35381533&dopt=Abstract
https://europepmc.org/abstract/MED/35149393
http://dx.doi.org/10.1016/j.msard.2022.103562
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35149393&dopt=Abstract
http://dx.doi.org/10.1001/jamainternmed.2020.1562
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32275292&dopt=Abstract
https://europepmc.org/abstract/MED/32480121
http://dx.doi.org/10.1016/j.psychres.2020.113117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32480121&dopt=Abstract
https://europepmc.org/abstract/MED/32562931
http://dx.doi.org/10.1016/j.psychres.2020.113138
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32562931&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/2056305120948255?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/2056305120948255
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34192039&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/23294965211011591
http://dx.doi.org/10.1177/23294965211011591
https://europepmc.org/abstract/MED/32756978
http://dx.doi.org/10.1093/geronb/gbaa117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32756978&dopt=Abstract
https://europepmc.org/abstract/MED/33616290
http://dx.doi.org/10.1002/acn3.51314
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33616290&dopt=Abstract
https://europepmc.org/abstract/MED/34923427
http://dx.doi.org/10.1016/j.msard.2021.103433
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34923427&dopt=Abstract
https://europepmc.org/abstract/MED/35016114
https://europepmc.org/abstract/MED/35016114
http://dx.doi.org/10.1016/j.msard.2021.103482
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35016114&dopt=Abstract
https://europepmc.org/abstract/MED/36283322
http://dx.doi.org/10.1016/j.msard.2022.104235
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36283322&dopt=Abstract
https://europepmc.org/abstract/MED/34646227
http://dx.doi.org/10.3389/fneur.2021.685276
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34646227&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2211-0348(22)00505-3
http://dx.doi.org/10.1016/j.msard.2022.103994
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35780727&dopt=Abstract
https://mental.jmir.org/2022/8/e38495/
http://dx.doi.org/10.2196/38495
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35849686&dopt=Abstract
https://europepmc.org/abstract/MED/35134623
http://dx.doi.org/10.1016/j.msard.2022.103648
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35134623&dopt=Abstract
http://dx.doi.org/10.1002/ana.24560
https://europepmc.org/abstract/MED/28114441
https://europepmc.org/abstract/MED/28114441
http://dx.doi.org/10.1001/jamaneurol.2016.5056
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28114441&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(08)00122-6
http://dx.doi.org/10.1016/j.jbi.2008.08.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18929686&dopt=Abstract
https://www.sciencedirect.com/science/article/abs/pii/0378873384900078
http://dx.doi.org/10.1016/0378-8733(84)90007-8
https://www.jstor.org/stable/10.1086/421787
http://dx.doi.org/10.1086/421787
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Riley et d

43.

45,

46.

47.

48.

49,

50.

51.

52.
53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Learmonth Y C, Motl Rw, Sandroff BM, PulaJH, Cadavid D. Validation of patient determined disease steps (PDDS) scale
scoresin personswith multiple sclerosis. BMC Neurol. Apr 25, 2013;13:37. [FREE Full text] [doi: 10.1186/1471-2377-13-37]
[Medline: 23617555]

Wicks P, Vaughan TE, Massagli MP. The Multiple Sclerosis Rating Scale, Revised (MSRS-R): development, refinement,
and psychometric validation using an online community. Health Qual Life Outcomes. Jun 18, 2012;10:70. [FREE Full text]
[doi: 10.1186/1477-7525-10-70] [Medline: 22709981]

BoveR, Secor E, Healy BC, Musallam A, Vaughan T, Glanz Bl, et al. Evaluation of an online platform for multiple sclerosis
research: patient description, validation of severity scale, and exploration of BMI effects on disease course. PL0S One.
2013;8(3):€59707. [FREE Full text] [doi: 10.1371/journal.pone.0059707] [Medline: 23527256]

Senders A, Hanes D, Bourdette D, Whitham R, Shinto L. Reducing survey burden: feasibility and validity of PROMIS
measuresin multiple sclerosis. Mult Scler. Jul 08, 2014;20(8):1102-1111. [FREE Full text] [doi: 10.1177/1352458513517279]
[Medline: 24402035]

CellaD, Riley W, Stone A, Rothrock N, Reeve B, Yount S, et al. The Patient-Reported Outcomes Measurement Information
System (PROMIS) devel oped and tested its first wave of adult self-reported health outcome item banks: 2005-2008. JClin
Epidemiol. Nov 2010;63(11):1179-1194. [FREE Full text] [doi: 10.1016/j.jclinepi.2010.04.011] [Medline: 20685078]
Sobel ME. Asymptotic confidence intervals for indirect effects in structural equation models. Sociol Methodol.
1982;13:290-312. [FREE Full text] [doi: 10.2307/270723]

Baron RM, Kenny DA. The moderator-mediator variable distinction in social psychological research: conceptual, strategic,
and statistical considerations. JPers Soc Psychol. Dec 1986;51(6):1173-1182. [doi: 10.1037//0022-3514.51.6.1173] [Medline:
380634]

Rossed Y. lavaan: an R package for structural equation modeling. J Stat Softw. 2012;48(2):1-36. [FREE Full text] [doi:
10.18637/jss.v048.i02]

R Core Team. R: alanguage and environment for statistical computing. The R Foundation. 2019. URL : https://www.
R-project.org/ [accessed 2019-04-26]

xialab2016 / pnq_covid19. GitHub. URL : https://github.com/xialab2016/pnq covid19/ [accessed 2023-10-11]

LucaM, EcclesF, Perez Algorta G, Petti F. llIness perceptions and outcome in multiple sclerosis: a systematic review of
theliterature. Mult Scler Relat Disord. Nov 2022;67:104180. [FREE Full text] [doi: 10.1016/j.msard.2022.104180] [Medline:
36130458]

Spain LA, Tubridy N, Kilpatrick TJ, Adams SJ, Holmes ACN. IlIness perception and health-related quality of lifein multiple
sclerosis. ActaNeurol Scand. Nov 2007;116(5):293-299. [doi: 10.1111/j.1600-0404.2007.00895.x] [Medline: 17850407]
Wilski M, Tasiemski T. I1Iness perception, treatment beliefs, self-esteem, and self-efficacy as correl ates of self-management
in multiple sclerosis. Acta Neurol Scand. May 20, 2016;133(5):338-345. [doi: 10.1111/ane.12465] [Medline: 26190764]
Wineman NM. Adaptation to multiple sclerosis: the role of socia support, functional disability, and perceived uncertainty.
Nurs Res. 1990;39(5):294-299. [FREE Full text] [doi: 10.1097/00006199-199009000-00013]

Krokavcova M, van Dijk JP, Nagyova |, Rosenberger J, Gavelova M, Middel B, et a. Social support as a predictor of
perceived health status in patients with multiple sclerosis. Patient Educ Couns. Oct 2008;73(1):159-165. [doi:
10.1016/].ppec.2008.03.019] [Medline: 18467067]

CostaDC, S4 MJ, Calheiros JM. The effect of social support on the quality of life of patients with multiple sclerosis. Arq
Neuropsiquiatr. Feb 2012;70(2):108-113. [FREE Full text] [doi: 10.1590/s0004-282x2012000200007] [Medline: 22311214]
Gulick EE. Social support among persons with multiple sclerosis. Res Nurs Health. Jun 1994;17(3):195-206. [doi:
10.1002/nur.4770170307] [Medline: 8184131]

Black R, Dorstyn D. A biopsychosocial model of resilience for multiple sclerosis. J Health Psychol. Nov 09,
2015;20(11):1434-1444. [doi: 10.1177/1359105313512879] [Medline: 24323335]

Ploughman M, Downer MB, Pretty RW, Wallack EM, Amirkhanian S, Kirkland MC, et a. The impact of resilience on
healthy aging with multiple sclerosis. Qual Life Res. Oct 20, 2020;29(10):2769-2779. [doi: 10.1007/s11136-020-02521-6]
[Medline: 32436112]

Klineova S, Brandstadter R, Fabian MT, Sand IK, Krieger S, Leavitt VM, et a. Psychological resilience islinked to motor
strength and gait endurance in early multiple sclerosis. Mult Scler. Aug 07, 2020;26(9):1111-1120. [FREE Full text] [doi:
10.1177/1352458519852725] [Medline: 31172846]

Koelmel E, Hughes AJ, Alschuler KN, Ehde DM. Resilience mediatesthe longitudinal relationships between social support
and mental health outcomes in multiple sclerosis. Arch Phys Med Rehabil. Jun 2017;98(6):1139-1148. [doi:
10.1016/j.apmr.2016.09.127] [Medline: 27789238]

Abbreviations

COVID-19: coronavirus disease 2019

CUIMC: Columbia University Irving Medical Center
EDSS: Expanded Disability Status Scale

GEMS: Genesand Environment in Multiple Sclerosis

https://publichealth.jmir.org/2024/1/e45429 JMIR Public Hedlth Surveill 2024 | vol. 10 | e45429 | p. 18

(page number not for citation purposes)


https://bmcneurol.biomedcentral.com/articles/10.1186/1471-2377-13-37
http://dx.doi.org/10.1186/1471-2377-13-37
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23617555&dopt=Abstract
https://hqlo.biomedcentral.com/articles/10.1186/1477-7525-10-70
http://dx.doi.org/10.1186/1477-7525-10-70
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22709981&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0059707
http://dx.doi.org/10.1371/journal.pone.0059707
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23527256&dopt=Abstract
https://europepmc.org/abstract/MED/24402035
http://dx.doi.org/10.1177/1352458513517279
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24402035&dopt=Abstract
https://europepmc.org/abstract/MED/20685078
http://dx.doi.org/10.1016/j.jclinepi.2010.04.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20685078&dopt=Abstract
https://www.jstor.org/stable/270723
http://dx.doi.org/10.2307/270723
http://dx.doi.org/10.1037//0022-3514.51.6.1173
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3806354&dopt=Abstract
https://www.jstatsoft.org/article/view/v048i02
http://dx.doi.org/10.18637/jss.v048.i02
https://www.R-project.org/
https://www.R-project.org/
https://github.com/xialab2016/pnq_covid19/
https://linkinghub.elsevier.com/retrieve/pii/S2211-0348(22)00685-X
http://dx.doi.org/10.1016/j.msard.2022.104180
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36130458&dopt=Abstract
http://dx.doi.org/10.1111/j.1600-0404.2007.00895.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17850407&dopt=Abstract
http://dx.doi.org/10.1111/ane.12465
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26190764&dopt=Abstract
https://psycnet.apa.org/record/1991-07760-001
http://dx.doi.org/10.1097/00006199-199009000-00013
http://dx.doi.org/10.1016/j.pec.2008.03.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18467067&dopt=Abstract
https://www.scielo.br/scielo.php?script=sci_arttext&pid=S0004-282X2012000200007&lng=en&nrm=iso&tlng=en
http://dx.doi.org/10.1590/s0004-282x2012000200007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22311214&dopt=Abstract
http://dx.doi.org/10.1002/nur.4770170307
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8184131&dopt=Abstract
http://dx.doi.org/10.1177/1359105313512879
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24323335&dopt=Abstract
http://dx.doi.org/10.1007/s11136-020-02521-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32436112&dopt=Abstract
https://europepmc.org/abstract/MED/31172846
http://dx.doi.org/10.1177/1352458519852725
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31172846&dopt=Abstract
http://dx.doi.org/10.1016/j.apmr.2016.09.127
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27789238&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Riley et d

MS:. multiple sclerosis

MSReCOV: Multiple Sclerosis Resilience to COVID-19

MSRS-R: Multiple Sclerosis Rating Scale-Revised

PDDS: Patient Determined Disease Steps

PERSNET: personal network

PRO: patient-reported outcome

PROMIS: Peatient-Reported Outcomes Measurement Information System
pwMS: people with multiple sclerosis

REDCap: Research Electronic Data Capture

UPMC: University of Pittsburgh Medical Center

Edited by A Mavragani, T Sanchez, submitted 30.12.22; peer-reviewed by J WU, A Gillespie; comments to author 12.04.23; revised
version received 05.08.23; accepted 31.08.23; published 06.02.24

Please cite as:

Riley C, Venkatesh S, Dhand A, Doshi N, Kavak K, Levit E, Perrone C, Weinstock-Guttman B, Longbrake E, De Jager P, Xia Z
Impact of the COVID-19 Pandemic on the Personal Networks and Neurological Outcomes of People With Multiple Sclerosis:
Cross-Sectional and Longitudinal Case-Control Sudy

JMIR Public Health Surveill 2024;10:e45429

URL: https://publichealth.jmir.org/2024/1/e45429

doi: 10.2196/45429

PMID:

©Claire Riley, Shruthi Venkatesh, Amar Dhand, Nandini Doshi, Katelyn Kavak, Elle Levit, Christopher Perrone, Bianca
Weinstock-Guttman, Erin Longbrake, Philip De Jager, Zonggi Xia. Originally published in IMIR Public Health and Surveillance
(https://publichealth.jmir.org), 06.02.2024. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Public Health and Surveillance, is properly cited. The complete
bibliographic information, alink to the original publication on https://publichealth.jmir.org, as well as this copyright and license
information must be included.

https://publichealth.jmir.org/2024/1/e45429 JMIR Public Hedlth Surveill 2024 | vol. 10 | e45429 | p. 19
(page number not for citation purposes)

RenderX


https://publichealth.jmir.org/2024/1/e45429
http://dx.doi.org/10.2196/45429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

