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Abstract Frailty is an established benchmark of
aging-related decline, yet most measures of frailty
focus on physical decline. Increasing evidence that
social environments influence trajectories of aging
has led to growing interest in social frailty. Recently,
a 10-item Social Frailty Index (SFI-10) was devel-
oped using data from the Health and Retirement
Study (HRS) that used 8 social items plus chrono-
logical age and sex to predict mortality. This study
evaluates the validity of the SFI-10, providing con-
siderations for social frailty measurement. Utilizing
HRS cohorts (n=8264, ages 66 to 101) and cohorts
from the Midlife in the United States (MIDUS) study
(n=5619, ages 40 to 75), the SFI-10 was evaluated
alongside an index including only its social-envi-
ronmental factors (SFI-8). Logistic regressions were
used to predict mortality from the SFI-10, SFI-8, and
only age and sex. Within MIDUS, the SFI-10, SFI-§,
and age were further evaluated against external cri-
teria relevant for social frailty. Findings indicate that
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chronological age is the most important predictor of
mortality risk across both samples. Social-environ-
mental factors predict mortality only marginally in
older adults but more strongly in midlife. When asso-
ciated with external criteria relevant for social frailty,
the SFI-8 exhibited stronger criterion validity than the
SFI-10. These findings suggest that social frailty may
be best reflected by measures focusing exclusively
on social behaviors and resources, excluding demo-
graphic characteristics. Our work underscores the
need for well-designed measures of social frailty.

Keywords Frailty - Geroscience - Well-being -
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Introduction

Frailty is a useful benchmark for scientists, clini-
cians, and policymakers alike. Defined as a state of
increased vulnerability to adverse outcomes resulting
from the cumulative biological decline that occurs
with aging, frailty reflects variations in the pace of
aging between individuals [1-5]. Moreover, frailty
is a well-established predictor of disability, falls,
hospitalizations, and mortality [6-10]. Among the
many extant methods to quantify frailty, two distinct
approaches have been most extensively validated:
the phenotype and deficit accumulation approaches
[6, 11-13]. Common to these two approaches is
an emphasis on items that are physical in nature,

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s11357-026-02183-1&domain=pdf
http://orcid.org/0009-0009-5757-8376
http://orcid.org/0000-0001-6439-8829
http://orcid.org/0000-0002-8662-8151
https://doi.org/10.1007/s11357-026-02183-1
https://doi.org/10.1007/s11357-026-02183-1

GeroScience

yielding measures of “physical frailty” [6, 14, 15].
However, hallmarks of biological aging do not
occur in a vacuum; they interact with social contexts
[16—-18]. Robust associations have been established
between social factors and longevity across time,
place, and species, highlighting the importance of
integrating geroscience with social science to produce
a holistic account of the aging process and its deter-
minants [19-23]. This necessitates innovative meth-
ods to define social dimensions of frailty.

Recognition that frailty is multidimensional has
existed for over three decades, yet “social frailty”
remains relatively understudied and lacks consensus
regarding its measurement [24, 25]. Nonetheless, an
influential framework for social frailty in older adults
was advanced by Bunt and colleagues [26]. Hypoth-
esizing that social frailty represents an inability to
fulfill one’s basic social needs, thereby compromis-
ing well-being, Bunt et al. [26] used the Social Pro-
duction Functions (SPF [27]) theory as a heuristic to
define social frailty as “a continuum of being at risk
of losing, or having lost, social and general resources,
activities, or abilities that are important for fulfilling
one or more basic social needs during the life span,”
and detail a theory-based hierarchical process through
which social frailty occurs. This framework has not
yet been comprehensively empirically evaluated,
however, and is not explicitly concordant with gero-
science and frameworks of frailty. Specifically, how
social frailty relates to an increased risk for adverse
age-related outcomes such as mortality, or relates to
the aging process itself, is not defined. To provide
support for the scientific and clinical utility of social
frailty as a construct, an empirically derived measure
of social frailty must be linked to (1) outcomes proxi-
mal to this framework, such as social adjustment and
well-being, (2) decline resultant of the aging process,
and (3) distal adverse age-related outcomes, such as
mortality.

Recently, Shah and colleagues [28] addressed
some of these limitations, developing a 10-item
Social Frailty Index (SFI-10) based on Bunt’s frame-
work and keyed on items that predicted mortality
outcomes. Using data from the Health and Retire-
ment Study (HRS), Shah et al. identified items within
the HRS’s Psychosocial and Lifestyle Question-
naire (PLQ) that fit within Bunt’s framework. Least
absolute shrinkage and selection operator (LASSO)
regression on 4-year mortality outcomes was then
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used in a cohort of older adults to identify a subset of
the candidate items that best predicted mortality. This
process produced the SFI-10, which consists of items
spanning general resources and life history, social
resources, social activities, fulfillment of basic social
needs, and two demographic features, chronological
age and sex. In a separate evaluation cohort of older
adults, the SFI-10 exhibited fair discrimination for
mortality, activities of daily living, and nursing home
stay outcomes, all assessed over 4 years.

Nevertheless, SFI-10 items were ultimately
selected based on their utility in predicting mortal-
ity outcomes, and the index is functionally a logistic
regression equation that directly quantifies mortal-
ity risk. This raises the question of what construct
their index truly measures: is the SFI-10 a meas-
ure of social frailty as it is labeled, or is it best con-
strued as a mortality risk prediction index? Addition-
ally, the SFI-10 includes chronological age and sex.
Robust relationships have been established between
age, sex, and longevity [29-32]. Thus, it is not clear
whether the social components of the SFI-10 predict
mortality, beyond risks associated with age and sex.
Lastly, like other existing social frailty measurements
[33-38], the SFI-10 was developed and evaluated in
adults aged > 65 years. Although high levels of social
frailty may not manifest until later in the life course,
the translational and clinical utility of a social frailty
measurement would be enhanced if it could meaning-
fully detect age-related variations in social function-
ing at midlife to inform intervention strategies during
periods of relative health [39—41].

The present study revisits the SFI-10, consider-
ing how it relates to the broader social frailty con-
struct, as well as how it predicts mortality outcomes
from midlife to older age. Accordingly, this study had
three aims. First, we re-calculated the SFI-10 in the
HRS cohorts used by Shah et al. [28] and derived an
8-item index consisting of only its social components
(SFI-8) to investigate the extent to which they alone
contribute to mortality prediction. Second, using
cohorts and data from the Midlife in the United States
(MIDUS) study, we derived the SFI-10 and SFI-8
using analogous items to examine the generalizabil-
ity of our findings to mortality prediction in adults
at midlife through the transition to older age. Third,
we identified external criterion outcomes in MIDUS
that fit within Bunt’s framework of social frailty and
examined the extent to which each index (SFI-10 and
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SFI-8) relates to these criteria to evaluate the validity
of the SFI-10 and SFI-8 as measures of social frailty,
rather than as measures of mortality risk.

Methods
Sample

Four cohorts from two large longitudinal studies on
aging adults in the USA comprise the analytic sam-
ples for the present study. Two cohorts were drawn
from the HRS, mirroring the approach used to ini-
tially develop and validate the SFI-10 [28], and two
were drawn from the MIDUS study to assess the gen-
eralizability and validity of the SFI-10.

The HRS is a longitudinal panel study that has
surveyed a nationally representative sample of more
than 46,000 individuals over age 50 since its incep-
tion in 1992 [42-44]. HRS interviews are conducted
biennially in-person, via phone, or internet surveys
and consist of multiple measures, one of which is the
Psychosocial and Lifestyle Questionnaire [45]. The
PLQ is administered to a random half of the overall
HRS sample during every biennial interview wave,
assuring no overlap between individuals in subse-
quent waves. Mirroring the methodology employed
for developing the SFI-10 [28], we selected HRS
cohorts consisting of individuals aged>65 years
who completed the PLQ in 2010 or 2012, yielding:
(1) a 2010 cohort, used for model development, and
(2) a 2012 cohort, used for model evaluation. A total
of 4308 individuals were included in our HRS 2010
cohort, and 3956 individuals were included in our
HRS 2012 cohort. These values differ from those pre-
viously reported by n=6 (n=4302 [28]) and n=8
individuals (n=3948 [28]), respectively despite using
their published inclusion criteria. Both HRS cohorts
were similar to one another with respect to descrip-
tive statistics and health/functional status (Table S1).
By the mortality outcome assessment date, 22%
(935/4308) of the 2010 cohort and 23% (906/3956)
of the 2012 cohort were deceased. Despite using the
same criteria for case selection, these values differ
slightly from those reported by Shah et al., under-
shooting their 2010 mortality rate by 25 deaths (960
deaths [28]) and overshooting their 2012 mortality
rate by 24 deaths (882 deaths [28]). We could not rec-
oncile these differences after corresponding with the

authors. The present analyses were carried out using
our calculated mortality rates.

MIDUS is a longitudinal study initiated in
1995-1996 (MIDUS 1), surveying a nationally rep-
resentative sample of 7108 individuals ages 25-74
[40, 46]. A longitudinal follow-up assessment of
the MIDUS 1 sample was conducted in 2004-2006
(MIDUS 2; ages 28-84). Between 2011 and 2014, a
separate sample of 4085 individuals ages 25-75 was
enrolled to “refresh” the original sample (MIDUS
Refresher 1). Survey project data via phone interview
and self-administered questionnaire from the MIDUS
2 and Refresher 1 samples were used for the present
analyses. Considering our aim to evaluate the crite-
rion validity of the SFI-10 and its generalizability to
a younger sample consisting of adults at midlife and
the transition to old age, our MIDUS 2 and Refresher
1 cohorts consisted of participants aged 40-70 years
with complete data across all outcome criterion
variables described below, yielding: (1) a MIDUS
2 (M2) cohort, used for model development, and
(2) a MIDUS Refresher 1 (MR1) cohort, used for
model evaluation. 3542 individuals were included in
the MIDUS M2 cohort, and 2077 individuals were
included in the MR1 cohort (Table S1). By the mor-
tality outcome assessment date, 4% (144/3542) of the
M2 cohort and 4% (88/2077) of the MR1 cohort were
deceased. The MIDUS cohorts were similar to one
another in composition based on descriptive statistics
and health/functional status (Table S1). The MIDUS
cohorts reported higher rates of fair or poor health
but lower rates of age-related non-communicable
diseases compared to the HRS cohorts. These differ-
ences between HRS and MIDUS are expected given
each study’s age distributions.

Mortality outcomes

Shah et al. included all-cause mortality as the pri-
mary outcome for SFI-10 model development and
evaluation [28]. Correspondence with the authors
(unpublished) revealed that all outcomes were
assessed using fixed timepoints for each cohort at the
end of the fourth year after the last interview in each
wave, which resulted in variable outcome assessment
timeframes spanning from 4.17 to 5.75 years. We
replicated this approach for model development and
evaluation. Mortality was determined using Decem-
ber 31, 2015, as the outcome assessment date for the
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HRS 2010 cohort and December 31, 2017, for the
HRS 2012 cohort. Individuals whose deaths occurred
before the outcome assessment date were assigned
a positive mortality status. Of note, Shah et al. used
both the National Death Index (NDI) and HRS data to
determine mortality status at the time of their study.
However, since the HRS references the NDI to com-
plete its mortality ascertainment, we did not redun-
dantly access the NDI and only used HRS data to
determine mortality status [47].

This approach for defining mortality outcome
assessment dates was applied to the MIDUS M2 and
MRI1 cohorts to determine all-cause mortality out-
comes. December 31, 2009, was used as the outcome
assessment date for the M2 cohort. Two outcome
assessment dates were applied for the MR1 cohort:
December 31, 2016, for those between ages 40 and
54, and December 31, 2018, for those between ages
55 and 70. Individuals whose deaths occurred before
the outcome assessment date were assigned a positive
mortality status.

Model development and application

Within the HRS cohorts, the SFI-10 was constructed
as described in [28]. See the Supplemental Appendix
for an expanded description of model development
and application. The ten items that comprise the SFI-
10 include age, sex, neighborhood cleanliness, per-
ceived control over financial situation, frequency of
meeting with children, activities with grandchildren,
nieces/nephews, or neighborhood children (youth),
work status, volunteering, feeling isolated from oth-
ers, and being treated with courtesy/respect (Table 1).
All items were used to fit a logistic regression model
that predicted mortality outcomes in the HRS 2010
cohort: the SFI-10. The final model was evaluated in
the HRS 2012 cohort.

To replicate the SFI-10 within the MIDUS cohorts,
minor adaptations were required based on the content
of the MIDUS survey (Table 1). Three of ten items—
age, sex, and perceived financial control—were meas-
ured identically between HRS and MIDUS and did
not require adaptation. Two of ten items from HRS—
neighborhood cleanliness and work status—had
analogous survey items in MIDUS that differed only
slightly in the item wording or measurement scale.
Five of ten items from the HRS required minor item
adaptation due to the absence of analogous survey
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items in MIDUS. For these items, substitutions were
made to develop the MIDUS SFI-10 to ensure that
the constructs measured by the SFI-10 across the
two studies were congruent (Supplemental Appen-
dix). The model development approach described for
the HRS was identically applied in the MIDUS M2
cohort to produce an analog to the SFI-10, which was
subsequently evaluated in the MIDUS MRI1 cohort.

To evaluate item-level contributions to the SFI-
10’s performance, three logistic regression models
predicting mortality outcomes composed of compo-
nents of the SFI-10 were fit in the HRS and MIDUS
development cohorts—the SFI-8, an age/sex-based
model, and an age-based model—and applied to
respective evaluation cohorts. Each of these models
incorporates the methodology used for the SFI-10
(Supplemental Appendix).

External criteria measures

Shah et al. used mortality as a primary outcome when
developing and evaluating the predictive utility of the
SFI-10 [28]. This approach was replicated within the
HRS and extended within MIDUS to include addi-
tional external criterion outcomes that would theoret-
ically constitute the construct of social frailty under
the predominant current framework and its theoretical
basis [26, 27]. Criteria included self-evaluated physi-
cal and mental/emotional health, basic and instru-
mental activities of daily living, scales of psychologi-
cal well-being [49], scales of social well-being [50],
positive and negative affect [51, 52], scales of posi-
tive and negative trait emotionality from the Multidi-
mensional Personality Questionnaire [53], and both
familial and friendship affectual solidarity [54]. Each
criterion was measured via self-report questionnaire
concurrently with SFI-10 items. A detailed descrip-
tion of all criteria can be found in the Supplemental
Appendix.

Statistical analysis

Statistical analyses were completed using R Statisti-
cal Software (v4.5.1 [55]). Significance testing was
conducted at the a=0.05 level of significance, with
directional alternative hypotheses specified where
appropriate. The ggplot2 R package (v3.5.1 [56]) was
used for data visualization.
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Model development and application were con-
ducted as described. To maintain consistency with
Shah et al.’s methodology, BIC was used to determine
which model was the best fit to development cohort
data [28]. Assumptions of this approach are described
elsewhere [57].

Identical methods were employed in aims one and
two to investigate the extent to which the social com-
ponents of the SFI-10 contribute to its performance in
mortality prediction in the HRS and MIDUS cohorts,
respectively. Model performance in the external
evaluation cohorts was primarily measured using
area under the receiver operating characteristic curve
(AUgqpc [58]). AU was used as the primary model
evaluation metric to maintain consistency with Shah
et al.’s approach [28]. However, the HRS cohorts
and MIDUS cohorts both exhibit class imbalance
(a high number of individuals in the negative—e.g.,
survival—class, and a low number of individuals in
the positive—e.g., mortality—class) with respect to
mortality outcomes, with the latter imbalance being
more extreme (HRS 2010: 22%, 2012: 23% deceased
by assessment date; MIDUS M2: 4%, MRI1: 4%
deceased by assessment date). In such cases, there has
been a proliferation of recommendations to use area
under the precision-recall curve (AUpge) over AU
for model performance evaluation [59, 60]. Thus, we
replicated our performance evaluation analyses using
AUppc to complement our AUgyc-based analyses.
These are presented in the supplementary material.
It should be noted, however, that recent insights have
challenged this recommendation and support the use
of AUgqc as an interpretable and robust metric under
class imbalance [58, 61].

AUgqc analyses were implemented via the pROC
R package (v1.18.5 [62]). Bias-corrected and accel-
erated (BCa) confidence intervals generated via
n=9999 stratified bootstrap replications are reported
for all AUgqyc estimates. To compare the perfor-
mance of models within each cohort, BCa confidence
intervals for differences in AUy values between
ROC curves were generated via n=9999 stratified
bootstrap replications. All bootstrap resampling was
implemented in the boot R package (v1.3-31 [63,
64]).

To assess the contribution of each predictor to
model performance of the SFI-10 and SFI-8 in the
external evaluation cohorts, permutation-based fea-
ture importance analyses [65, 66] were conducted

using a model-agnostic approach implemented within
the iml R package (v0.11.4 [67]) using n=1000 per-
mutations per feature. Feature importance to model
performance was measured via AUgqc loss after fea-
ture permutation. This loss function was chosen to
maintain consistency with the primary performance
metric used to evaluate models.

To address the third study aim and evaluate the cri-
terion validity of the SFI-10 and SFI-8 as measures of
social frailty, Spearman rank correlation coefficients
were utilized to determine the strength of associations
between criteria relevant for social frailty and the
SFI-10, SFI-8, and age in the MIDUS MR1 cohort.
Predicted mortality risk on the logit scale from the
SFI-10 and SFI-8 was used in correlational analysis.
Confidence intervals for correlations were produced
by Fisher’s z-transformation and are reported at the
95% level. Steiger’s z test implemented in the cocor R
package (v1.1.4 [68]) was used to evaluate differences
in effect size between SFI-10 and SFI-8 correlations
with social frailty criteria, and Benjamini-Hochberg
corrections [69] were applied to control the false dis-
covery rate at 5% for multiple comparisons. Where
relevant, Pearson product-moment correlation coeffi-
cients are reported for bivariate correlations between
two continuous variables and between continuous and
dichotomous variables.

Results
Revisiting the Social Frailty Index in the HRS
Cohort and SFI-10 replication

The 2010 (n=4308) and 2012 (n=3956) HRS
cohorts were curated with minor differences from
Shah et al. (see “Methods”; Table S1). The SFI-10
was reconstructed (Table 1; Supplemental Appendix)
with very minor differences from Shah et al., given
differences in cohort composition and functional
forms analysis relating each item in the SFI-10 to
mortality outcomes (Table S2). Of relevance, in the
original Shah et al. paper, sex was labeled as “gen-
der” [28]. However, the verbiage used in the HRS
core questionnaire refers to biological sex rather than
gender identity; thus, “sex” is a more accurate term
and is used herein.
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Incremental validity of social frailty items
for mortality prediction

Next, the predictive utility of the SFI-10’s social
items was examined beyond the predictive utility of
age and sex. We hypothesized that age and sex would
emerge as the most important items for the prediction
of mortality, but that items reflective of social-envi-
ronmental factors would be incrementally predictive.
To test this hypothesis, the predictive ability of the
SFI-10 for mortality outcomes was compared to that
of (i) an index comprised of the eight social items
from the SFI-10 (termed the SFI-8), (ii) a model
including age and sex only, and (iii) a model that
included only age (Supplemental Appendix).

Within the HRS 2010 cohort, the SFI-10
(BIC=3876.54) was the best fit model to the data
that was used to develop the models, favored over the
model consisting of only age (BIC=3989.72), age
and sex (BIC=4019.24), and social items alone (SFI-
8; BIC=4247.93).

The performance of models in the external HRS
2012 cohort was primarily evaluated using the area
under the receiver operating characteristic curve
(AUgoc), a widely used and interpretable metric
for evaluating the performance of binary classifi-
cation models [58]. AUgg- values were assessed
based on previously published criteria [70]. When
applied to the external HRS 2012 cohort for evalua-
tion, the SFI-10 had the best discriminatory capacity
for mortality outcomes compared to the other mod-
els, with an AUgq value in the fair range (Fig. 1A;
AUgoc=0.740 [95% CI 0.722-0.758]), comparable
to what Shah et al. reported [28]. The model based on
age and sex had the second-best discriminatory capac-
ity for mortality outcomes (Fig. 1A; AUgro-=0.724
[95% CI 0.704-0.743]). Notably, the full SFI-10
exhibited a significantly larger AUg than the model
based on age and sex alone (AAUgy-=0.016 [one-
sided, 90% CI 0.007-0.026]). Although the differ-
ence in AUpye observed between the SFI-10 and
the age and sex model was statistically significant,
the magnitude of this difference was small, with
a value of 0.016. In contrast, a model based on age
alone exhibited lower discriminatory capacity while
still in the fair range (Fig. 1A; AUgoc=0.720 [95%
CI 0.700-0.739]), and the SFI-8 exhibited the worst
discriminatory capacity, in the “not useful” range
(Fig. 1A; AUgpc=0.639 [95% CI 0.619-0.660]).
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Model performance was also evaluated using the area
under the precision-recall curve (AUppc) to comple-
ment the AUyqc-based analysis. The rank ordering of
model performance was confirmed by AUpy-based
comparisons (Fig. S1A). Notably, the SFI-10 did not
exhibit a significantly larger AUpgpc value than the
model based on age and sex alone (AAUpr-=0.012
[one-sided, 90% CI —0.004-0.029]), constituting a
lack of support for the incremental utility of the social
items in the SFI-10 for mortality prediction.

Item-level contributions to mortality prediction

To understand which individual items were most
important to the SFI-10’s predictive ability, beyond
their contributions in aggregate, a model-agnostic
permutation-based feature importance approach [65,
66] was applied using a loss function based on reduc-
tion in AUy (Fig. 1B). In the HRS 2012 cohort, age
emerged as the most important item in the SFI-10 for
mortality prediction by a substantial margin. Sex was
the second most important item in the SFI-10, but
marginally so. Volunteering was the most important
social item of the SFI-10. The remaining social items
had low importance estimates. Meeting with children,
being treated with courtesy and respect, and neigh-
borhood cleanliness were the least important items in
the SFI-10 and all had negative values as the lower
bound of the 5th-95th percentile range for estimates
of their feature importance (Table S3), indicating rel-
ative unimportance to the SFI-10’s practical predic-
tive ability for mortality. An identical approach using
a loss function based on reduction in AUpg largely
confirmed these findings, with slight differences in
rank order between metrics (Fig. S1B; Table S4).

The same feature importance approach was
applied to the SFI-8 in the HRS 2012 cohort (Fig. 1C;
Table S3). The feature importance estimates were
unanimously marginal, given the SFI-8’s low AUgqc
value. Activities with grandchildren, nieces/nephews,
or neighborhood children (youth) emerged as the
most important item in the SFI-8 for mortality pre-
diction. Volunteering was the second most important
predictor based on AUy loss. Again, meeting with
children, neighborhood cleanliness, and being treated
with courtesy and respect were the least important
items in the SFI-8 and had negative values as the
lower bound of the 5th-95th percentile range for esti-
mates of their feature importance. Results based on
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Fig. 1 Model comparisons and evaluation in HRS. Com-
parison of model performance in the HRS 2012 evaluation
cohort. A ROC curves for all models evaluated in the 2012
cohort. Sensitivity =recall; true positive rate. 1 — Specific-
ity =false positive rate. AUy is bound by O to 1, with higher
values indicating better model performance. AUggc values
are comparable between samples and can be interpreted as
the probability that a randomly selected case (death) will be
ranked higher by a model than a randomly selected control
(survival). AUgqc values have a universal random baseline

AUppc largely confirmed these findings (Fig S1C;
Table S4).

Application of the Social Frailty Index to MIDUS
Applying the SFI-10 to MIDUS

Functional forms analysis relating each predictor in
the SFI-10 to mortality outcomes in the M2 cohort
(n=3542) yielded different relationships than those
found in the HRS 2010 cohort for two items: finan-
cial control and volunteering (Table S5). Due to
slight differences in item content between the HRS
and MIDUS, the SFI-10 applied in MIDUS (Table 1;
Supplemental Appendix) differs moderately from the
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of 0.50 (dashed line), indicating a model with no predic-
tive value beyond chance. Permutation-based feature impor-
tance estimates for items in the B SFI-10 and C SFI-8 using
loss functions based on reduction in AUgge. Estimates for
median importance are plotted along with 5th-95th percentile
bands for each item based on n=1000 permutations per item.
Greater loss values reflect greater feature importance. Activi-
ties w/youth: Activities with grandchildren, nieces/nephews, or
neighborhood children

HRS SFI-10, although differences in coefficients must
be interpreted in the context of effect coding conven-
tions used by Shah et al. [28] and differences across
the two studies in SFI-10 item content.

Incremental validity of social frailty items
for mortality prediction in MIDUS

Informed by the strong dependency of the SFI-10
on age and sex exhibited in the HRS 2012 cohort
and the marginal contributions from the social items
to the predictive ability of the SFI-10 for mortality
outcomes, we assessed whether similar relationships
would emerge in the MIDUS sample. Within the
MIDUS cohorts, we compared the predictive ability
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of the SFI-10 for mortality outcomes with that of (i)
the SFI-8, (ii) age and sex alone, and (iii) age alone
(Supplemental Appendix).

Within the M2 cohort, the SFI-10 was not
the best fit to the data used to develop the mod-
els (BIC=1141.61), as the models based on
age (BIC=1124.60) and both age and sex
(BIC=1125.96) had lower BIC values. The SFI-8 was
the worst fit to the M2 cohort data (BIC=1194.99).

When applied to the external MRI1 evaluation
cohort (n=2077), the SFI-10 had the best discrimi-
natory capacity for mortality outcomes of all mod-
els (Fig. 2A). The model based on age and sex had
the second-best discriminatory capacity for mor-
tality outcomes in the MR1 cohort, with a value in
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Fig. 2 Model comparisons and evaluation in MIDUS. Com-
parison of model performance in the MIDUS Refresher
1 (MR1) evaluation cohort. A ROC curves for all models
evaluated in the MR1 cohort. Sensitivity =recall; true posi-
tive rate. 1 — Specificity =false positive rate. AUgq is bound
by O to 1, with higher values indicating better model perfor-
mance. AUpq values are comparable between samples and
can be interpreted as the probability that a randomly selected
case (death) will be ranked higher by a model than a randomly
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the fair range (Fig. 2A; AUgp=0.708 [95% CI
0.655-0.759]). The SFI-10 again exhibited a sig-
nificantly larger AUy value than the model based
on age and sex alone (AAUgy-=0.050 [one-sided,
90% CI 0.017-0.087]), and unlike in the HRS, the
magnitude of this difference was of a larger practi-
cal utility at 0.050. The SFI-8 exhibited the third-best
discriminatory capacity, in the fair range (Fig. 2A;
AUgpc=0.703 [95% CI 0.646-0.757]). Age alone
exhibited the worst performance of all models, in
the not useful AUy range (Fig. 2A; AUgp=0.693
[95% CI 0.640-0.743]). The rank ordering of model
performance differed in AUpgc-based comparisons
(Fig. S2A). The SFI-10 was confirmed as the best per-
forming model; however, the SFI-8 was second, the
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selected control (survival). AUy values have a universal ran-
dom baseline of 0.50 (dashed line), indicating a model with
no predictive value beyond chance. Permutation-based feature
importance estimates for items in the B SFI-10 and C SFI-8
using loss functions based on reduction in AUgqe. Estimates
for median importance are plotted along with 5th-95th percen-
tile bands for each item based on n=1000 permutations per
item. Greater loss values reflect greater feature importance
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model based on age and sex alone was third, and the
model based on age alone was worst. The SFI-10 also
exhibited a significantly larger AUpgc value than the
model based on age and sex alone (AAUpyr-=0.040
[one-sided, 90% CI 0.00002-0.088]), confirming
the heightened incremental importance of the social
items within the SFI-10 for mortality prediction in
this sample.

Item-level contributions to mortality prediction

The model-agnostic permutation-based feature
importance approach used in the HRS was applied to
understand which items were most important to mor-
tality prediction in the younger MR1 cohort (Fig. 2
B and C; Table S6). Age distinguished itself as the
pre-eminent item from the SFI-10 for mortality pre-
diction (Fig. 2B). Working status emerged as the sec-
ond most important item in the SFI-10, while sex was
the third most important item. Contextualizing its
relative importance for mortality prediction, work-
ing status had the highest correlation with age of all
the social items in the SFI-10 (H,: p<0, H;: p>0,
r,(2075)=0.49, 1=25.48, p<0.001). The remaining
social items had marginal feature importance values.
Volunteering, neighborhood cleanliness, loneliness,
perceived financial control, being treated with cour-
tesy and respect, and friend contact all had negative
values as the lower bound of the 5th-95th percen-
tile range for estimates of their feature importance.
Results based on AUpp- were largely confirmatory
(Fig S2B; Table S7). Of note, they indicated that sex
was the second most important item in the SFI-10,
while working status was third, and additionally sug-
gested lesser importance of the social items beyond
that indicated by AUp-loss.

From the SFI-8 (Fig. 2C; Table S6), working
emerged as the most important item for mortality
prediction. The remaining SFI-8 items had marginal
feature importance estimates. Volunteering was the
second most important item, followed by family con-
tact. All other items of the SFI-8 had negative values
as the lower bound of the 5th-95th percentile range
for estimates of their feature importance, with being
treated with courtesy and respect and perceived finan-
cial control having negative values for their feature
importance estimates themselves, indicating unim-
portance to the SFI-8’s practical predictive ability
for mortality outcomes. AUpp loss—based analyses

largely confirmed these findings, as all items besides
working had negative values as the lower bound of
the 5th-95th percentile range for estimates of their
feature importance (Fig. S2C; Table S7).

Associations between social frailty, age, and external
criteria

To validate the SFI-10 as a measure of social frailty
in MIDUS, measures concordant with Bunt et al.’s
[26] definition of social frailty—spanning health and
functional status, well-being, and social adjustment—
were selected as external criteria. Hypotheses regard-
ing associations between a measure of social frailty
and each criterion were formulated prior to analysis
(Supplemental Appendix). Monotonic correlations
between SFI-10 total index score and each criterion
measure were calculated (Table 2). To examine how
the social-environmental factors alone related to
external criteria, correlations were additionally exam-
ined between the SFI-8 total index score and the cri-
terion measures as well as between age and the crite-
rion measures.

The hypothesized directional associations between
the SFI-10 and each criterion were partially supported
(Table 2). Reasonable effect sizes (r,>10.101 [71])
were observed for 13 of the 26 criteria evaluated.
When the SFI-8 was evaluated against these same cri-
teria, hypothesized directional correlations of reason-
able effect sizes were observed for 19 of the 26 cri-
teria evaluated (Table 2). Comparing the effect sizes
observed for the SFI-10 and SFI-8 for each criterion,
the SFI-8 yielded correlations of significantly greater
effect size in the hypothesized direction compared
to the SFI-10 (H,: SFI-8 <SFI-10, H,: SFI-8 > SFI-
10) for 16 of the 26 criteria evaluated. Further, cor-
relations with effect sizes that opposed directional
hypotheses were observed between age and 15 of the
26 criteria evaluated (Table 2).

Discussion

Social frailty is a novel and potentially useful
concept in geroscience, yet it is an underexplored
construct with little empirical evaluation and a
lack of consensus on measurement. Accordingly,
the present study examined the construct of social
frailty and how it can be best measured. Utilizing
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Table 2 Correlations between the SFI-10, SFI-8, and age with external criteria in MIDUS

r, [95% CI]
Mean (SD) SFI-10 Age SFI-8 P
Health
Physical 348 (1.11) —0.17 [-0.21, —0.13]  —0.02 [-0.06, 0.03] —0.22 [-0.26, —0.17] .003
Mental/emotional 3.71 (1.02) —0.12 [-0.17, —0.08]  0.05 [0.01, 0.09] —-0.17 [-0.22, —0.13]  .003
Activities of daily living
Basic 1.41 (0.74) 0.29 [0.25, 0.32] 0.18 [0.13, 0.22] 0.31[0.27, 0.35] 141
Instrumental 1.89 (0.93) 0.33 [0.29, 0.36] 0.24 [0.20, 0.28] 0.30 [0.26, 0.34] 985
Psychological well-being
Autonomy 37.23 (6.97)  0.00 [-0.04, 0.05] 0.07 [0.03, 0.11] —0.03 [-0.08, 0.01] .019
Environmental mastery ~ 37.46 (7.77)  —0.05 [-0.09, 0.00] 0.16 [0.11, 0.20] —-0.12 [-0.16, —0.07] <0.001
Personal growth 38.58 (6.73)  —0.21[-0.25,—-0.17] —-0.03 [-0.07, 0.01] —-0.22 [-0.26, —0.18]  .351
Positive relations 39.69 (7.28) —0.13[—-0.17, —0.08]  0.10 [0.06, 0.15] —0.14[-0.18, —0.10]  .208
Purpose in life 38.26 (7.15)  —0.21[-0.25,—0.17] —0.01 [-0.05, 0.03] -0.23[-0.27, -0.19] .177
Self-acceptance 37.25(8.53) —0.09 [-0.13, —=0.05]  0.12[0.08, 0.16] —0.15[-0.19, —0.11] <0.001
Social well-being
Social coherence 9.32 (3.14) -0.19 [-0.23, —0.15] —0.10 [-0.14, —0.05] —0.21[-0.25,-0.17] .170
Social integration 14.22 (4.00) —0.14[-0.18, —0.10]  0.09 [0.05, 0.13] —-0.23[-0.27, -0.18] <0.001
Social acceptance 13.41 (3.45) —-0.03[-0.07,0.01] 0.14 [0.10, 0.18] —0.11 [—0.15, —0.07] <0.001
Social contribution 15.70 3.66)  —0.26 [-0.30, —0.22] —0.06 [-0.11, —0.02] —0.30 [-0.34, —0.26] .014
Social actualization 11.63 (4.01) —-0.17[-0.21,—-0.12] —-0.05[-0.10, —0.01] —0.18 [-0.22, —0.14] 227
Affect
Positive 3.38(0.77) —-0.08 [-0.12, —0.03]  0.13[0.09, 0.17] —0.11 [-0.15,—-0.07] .039
Negative 1.54 (0.68) 0.02 [-0.03, 0.06] -0.17 [-0.21, -0.13]  0.13[0.09, 0.17] <0.001
Multidimensional Personality Questionnaire
Positive emotionality
Well-being 9.00 (1.85) —0.06 [-0.10, —0.02]  0.08 [0.04, 0.12] —0.11 [-0.15,—0.07] .004
Social potency 10.27 (2.39)  —0.11[-0.15,—0.07] —0.05[-0.10, —0.01] —0.16 [-0.20, —0.11]  .006
Achievement 12.33(2.29)  -0.08 [-0.13, —0.04] —0.02 [-0.06, 0.02] —0.13[-0.18, —0.09] .003
Social closeness 11.47 (2.45) —0.12[-0.16,—0.07] —0.01 [-0.05, 0.03] —0.06 [—0.10, —0.01] .999
Negative emotionality
Stress reactivity 6.26 (2.25) 0.05 [0.00, 0.09] —0.12 [-0.16, —0.08]  0.09 [0.05, 0.14] .004
Aggression 5.52(1.85) 0.07 [0.02, 0.11] —-0.07 [-0.12, -0.03]  0.06 [0.02, 0.11] .650
Alienation 5.31(1.99) 0.03 [-0.01, 0.07] —-0.13[-0.17,-0.091  0.08 [0.03, 0.12] .006
Affectual solidarity
Family 3.18 (0.56) 0.03 [-0.01, 0.08] 0.18 [0.14, 0.22] —0.04 [-0.08, 0.01] <0.001
Friends 3.25(0.47) —-0.08 [-0.12, —-0.03]  0.07 [0.03, 0.12] —-0.07 [-0.11, —-0.02] .800

7., Spearman’s rank correlation coefficient; degrees of freedom across all bivariate correlations (df) =2075. SD, standard deviation.
SFI-10, log odds of mortality modeled by the SFI-10. SFI-8, log odds of mortality modeled by the SFI-8. p, Benjamini-Hochberg
adjusted p-values testing H,y: r; SFI-8<r, SFI-10 vs. H;: r, SFI-8 > r, SFI-10 in hypothesized directions specified for each criterion.

Bold: r,>1.10l in hypothesized direction

cohorts from the HRS that originally produced the
SFI-10 [28], as well as cohorts from the MIDUS
study, we demonstrate that the SFI-10 consistently
predicts mortality in adults from midlife to old
age. However, our findings raise concerns about
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whether the SFI-10 should be conceptualized as a
measure of social frailty despite being labeled as
such. Specifically, (1) we found that the SFI-10
exhibited a striking reliance on chronological age
to predict mortality outcomes within older adults
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from the HRS, while its social items contributed
little to its predictive ability; (2) this marked reli-
ance on age for mortality prediction persisted when
the scale was applied to adults at midlife through
the transition to old age from MIDUS, although a
heightened contribution of social items, in aggre-
gate, was observed in this younger cohort; lastly,
(3) in examining associations between the SFI-10
and external criterion measures relevant for social
frailty, we demonstrated that an index derived
from the eight social-environmental factors in the
SFI-10 shows stronger associations with many cri-
teria than the full index, which also includes age
and sex. The patterning of negative associations
between age and the same criteria provides evi-
dence that the direct inclusion of age within the
10-item index may obscure associations between
social-environmental factors and relevant external
criteria that reflect other aspects of social behavior,
subjective well-being, and psychological health.
Overall, although the SFI-10 predicts mortality
risk, our results caution against construing it as a
measure of social frailty. We propose that a meas-
ure that exclusively indexes social behaviors and
resources is needed to best capture the social frailty
construct.

The SFI-10 predicts mortality from middle to older
age

The naming and development of the SFI-10 tether
it to social frailty as a construct, and the present
study evaluated it as such. However, it must be
acknowledged that the SFI-10 was developed for
mortality prediction and risk stratification. Not-
withstanding the items it utilizes to accomplish
this purpose, we have successfully replicated its
fair ability to predict mortality outcomes in two
independent cohorts. Although the absolute accept-
ability of AUgpgcpre Values depends on the prob-
lem to which a model is applied, the SFI-10 per-
formed modestly at predicting mortality outcomes
for older adults in the HRS, and slightly better in
adults from midlife to the transition to old age from
MIDUS. Given its parsimonious design, the SFI-10
may be suited to inform decision-making and inter-
vention planning in clinical settings where mortal-
ity risk is a consideration.

Marginal contributions of social-environmental
factors to mortality prediction in older adults

We hypothesized that age and sex would emerge as
the most important items for predicting mortality
outcomes in older adults from the HRS, but that the
SFI-10’s social items would be incrementally use-
ful. The former hypothesis was strongly supported
and the directional effects of these items on mortal-
ity risk in the HRS SFI-10—increasing chronological
age and being biologically male corresponding to an
increased mortality risk—as well as their importance
for mortality prediction are consistent with previous
reports [29-32].

However, the hypothesis that the social items
would be predictive of mortality in and of themselves
received marginal support. Incremental validity-wise,
the SFI-10 showed a significant increase in mortality
prediction performance compared to the model based
on age and sex alone only with respect to AUgqc.
Although statistically significant, the social items in
aggregate only added 0.016 to the AUy, a value
that may have little practical significance. While the
SFI-10 emerged as the best fit model to the develop-
ment cohort data, this marginal practical predictive
improvement of the SFI-10 over the model without
the social items calls into question the incremental
validity of the SFI-10 for mortality prediction over
age and sex alone. Moreover, the lack of predictive
ability exhibited by the SFI-8 in the HRS evalua-
tion cohort provides evidence against the relevance
of the social items it includes for predicting mortal-
ity in older adults. In aggregate, this analysis offers
evidence that the index developed by Shah et al. [28]
in older adults from the HRS is largely dependent on
non-social items to accomplish its purpose, which
is to predict mortality. This pattern of findings rein-
forces the notion that risk prediction should not be
conflated with construct measurement.

In terms of risk prediction, prima facie, these
findings imply that the social-environmental factors
reflected within the SFI-10 do not predict mortality
in older adults. Given that countless studies link vari-
ous social determinants to health across the lifespan
[19, 21-23], this patterning may suggest that differ-
ent social contributions to mortality risk should be
indexed or that they might vary depending on when
in the lifespan they are measured. The reliance on
both chronological age and sex as predictors for
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performance is not detrimental to the SFI-10’s con-
struct validity as a measure of mortality risk, as a
mortality risk prediction model should contain items
most predictive of mortality outcomes.

Yet we are still left with the question of how to best
measure social frailty. Simply put, a construct-valid
measure of social frailty should ostensibly contain
items that reflect social behaviors and resources (e.g.,
age and sex are not in Bunt et al.’s framework [26]).
The presence of these attributes would constitute
social robustness, while the absence would constitute
frailty. Theoretically, a social frailty index constituted
from this item content should be primarily predictive
of proximal outcomes such as subjective well-being,
although distally predictive of aging-related outcomes
such as mortality. Thus, although the inclusion of age
and sex is conducive to the SFI-10’s ability to predict
mortality, it limits the interpretation of the index as a
measure of social frailty.

Differential importance of social-environmental
factors for mortality prediction from midlife to old
age

Results in the MIDUS MRI1 cohort varied meaning-
fully from results obtained in the HRS 2012 cohort,
indicating that the importance of social-environmen-
tal factors for mortality prediction may vary across
age groups. Compared to lackluster support for the
added utility of the social items in the HRS, signifi-
cant and practically useful increases in model perfor-
mance metrics for the SFI-10 over the model based
on age and sex alone observed in MIDUS indicate
that the social items had heightened contributions to
mortality prediction. Further, the SFI-8’s AUy and
AUpgc values indicated its usefulness for mortality
prediction in MIDUS, compared to its relatively low
values in the HRS.

Acknowledging that age was again unequivo-
cally the most important SFI-10 item for mortality
prediction in the MIDUS MRI1 cohort, noteworthy
differences in which social items ranked highest in
importance emerged between evaluation cohorts. In
the HRS, volunteering was the most important social
item for mortality prediction using the 10-item index
and activities with youth was the most important
when using the 8-item index. Across both indices in
the MIDUS MR1 cohort, working status was the most
important social item. Although it showed a lack of
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importance AUpp( loss-wise using the 10-item index,
working status exhibited an inflated importance for
mortality prediction across metrics using the 8-item
index, potentially due to its high correlation with age.
These results suggest that different facets of one’s
social experience—volunteering and activities with
youth in old age vs. working status in midlife—may
be more predictive of mortality across age cohorts,
perhaps revealing malleability in social-environmen-
tal risk factors with increasing age. Interestingly,
each of these items that contribute most to mortal-
ity prediction is within the social behavior/activities
domain of Bunt’s social frailty framework [26]. The
importance of items indexing social behavior/activity
for predicting mortality is congruent with theories of
successful aging and empirical support linking a lack
of social activity to increased mortality risk [72-75],
while our results provide evidence that the relation-
ship between the social behavior/activities domain of
Bunt’s framework and mortality is strongest relative
to other domains. Patterns in importance of specific
items indexing social behavior/activities may reflect
changes in time use with increasing age and oppor-
tunities available for social activities once individuals
reach retirement age [76—78].

Overall, the heightened contribution of social-
environmental factors for mortality prediction closer
to midlife compared to old age illustrates the plausi-
bility of leveraging modifiable social behaviors and
factors of one’s social environment within interven-
tions at midlife seeking to promote healthy aging tra-
jectories through old age. This underscores the poten-
tial utility of social frailty assessment in prevention
and early intervention efforts, rather than purely in
risk stratification, and highlights the translational and
clinical relevance of social frailty as a construct.

The SFI-10 and the nomological network of social
frailty: implications for an emerging construct

The SFI-10 was originally developed as an index of
social risk factors that predict mortality. Nevertheless,
it was labeled a “social frailty index” by its creators,
implying that it is a measure of social frailty. To be
considered a valid measure of a construct, a meas-
urement must relate to observables within said con-
struct (or rather, its nomological network [79]). For
example, a “depression index” should show a posi-
tive relationship with known depressive symptoms
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to be considered a true measurement of depression.
Thus, to determine if a social frailty index is indeed
a measure of social frailty, it must be subjected to a
set of criterion validity tests to evaluate its coherence
with the social frailty construct. As measured in dif-
ferent ways by various instruments, social frailty has
been associated with functional decline and disability
[35, 37, 38, 80], depressive symptoms [36, 81], mal-
nutrition risk [36], physical frailty [82, 83], demen-
tia [84], and all-cause mortality [28, 33, 38, 80]. The
current study is one of the first attempts (see [85]) to
take a step back from such distal criteria and com-
prehensively explore the psychosocial aspects of the
nomological network of social frailty to empirically
evaluate whether a proposed social frailty index inter-
sects with observables that cohere with contemporary
formulations of the construct such as psychological
health, subjective well-being, and social adjustment.

While the full SFI-10 does indeed show an inter-
section with observable outcomes within Bunt’s
social frailty framework, its social items appear to
largely drive this intersection, as indicated by the
presence of stronger associations between those items
(i.e., the SFI-8) and external criteria, as well as age
correlations that often directionally oppose these
associations.

In this light, associations between the SFI-8
and social frailty criteria provide insight into what
aspects of Bunt’s theoretical framework are empiri-
cally supported. Correlations of reasonable effect size
in hypothesized directions were observed between
the SFI-8 and indicators of subjective well-being, as
well as physical and social well-being, which under-
lie subjective well-being in SPF theory [27]. These
relationships strongly suggest that subjective, social,
and physical well-being are critical to the construct of
social frailty. Interestingly, correlations of reasonable
effect size were not observed between the SFI-8 and
measures of affective solidarity. Affectual solidarity
captures the type and degree of positive and negative
sentiments held in social relationships and the degree
of reciprocity of such sentiments and was included
in our analyses to capture the degree to which basic
social needs are met [54]. The lack of strong support
for this relationship raises questions about the lack
of basic social needs fulfillment being an etiologic
mechanism for the manifestation of social frailty.

This notion leads to two overarching questions
that will determine the nature of social frailty’s

application and usefulness in research, clinical,
and policy-making settings. These concern (1) the
nature of social frailty and (2) how we can best
quantify it.

Before Bunt et al.’s work [26], most early stud-
ies on social frailty defined it as the sum of compo-
nent items in a measurement but lacked any explicit
theoretical basis motivating why items were origi-
nally selected. Bunt et al. produced their definition of
social frailty by superimposing SPF theory on studies
addressing social frailty through a scoping review, but
research supporting the structure of their framework
is scarce (see [36]). Alternatively, Bessa et al. con-
ducted a systematic review of frailty instruments with
social components, taking an atheoretical approach to
summarize their items into eleven domains that poten-
tially comprise social frailty [24]. Additional efforts
to define social frailty are undoubtedly required
and must be concordant with established frailty
frameworks, geroscience principles, integrate exist-
ing social frailty research, and employ data-driven
approaches to identify social factors that are relevant
to the construct. These, in turn, should be validated
against concurrent aspects of health and well-being
as we attempted with the SFIs here and then tested in
terms of their utility in predicting adverse age-related
outcomes. In defining social frailty, it may be impor-
tant to delineate between social, environmental, and
psychological phenomena to ensure that the construct
stays true to its social nature and does not become
amorphous. For example, although negative psycho-
social outcomes (e.g., low positive affect, low psy-
chological well-being) may result from social frailty,
they should not be considered part of the construct.
In this regard, it is notable that the SFI-8 shows
stronger associations with psychological well-being
in our analyses than with narrowly defined social rela-
tionship indicators, e.g., affectual solidarity, which
are more “true” to the social frailty construct [26].
Because the items that comprise the SFI-8 were keyed
for mortality prediction, they may not best represent
social frailty as conceptualized by dominant theo-
retical frameworks. Accordingly, a renewed effort to
devise a psychometrically valid index of social frailty
that conceptualizes the construct in relation to social
behaviors and resources is needed. Focusing on social
behaviors and resources would anchor social frailty
in the social domain and avoid conflating construct
measurement with risk prediction.
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Informed by the results of the present study, we
recommend using the SFI-10 as a measure of mortal-
ity risk, not as a measure of social frailty. The SFI-
8, on the other hand, reflecting only social-environ-
mental factors, shows promise as a measure of social
frailty but requires further scrutiny in terms of its item
content and implementation. A primary consideration
in its use is how the index is constructed quantita-
tively. The SFI-8, like the SFI-10, was derived from
a logistic regression model quantifying the probabil-
ity of mortality, which we construed as a continuous
measure of social frailty. Independent of our study,
Matison et al. [84] recently used the items in the SFI-
8, sans courtesy/respect, and a sum score approach to
define social frailty under the phenotype model, find-
ing that it predicted dementia risk better than other
social frailty measures. We suggest that careful scru-
tiny of item content and evaluation against external
criteria related to social behavior is needed to ensure
that what is being measured is, indeed, social frailty.

Related to social frailty, the deficit accumulation
model of frailty has been adapted to quantify “social
vulnerability” [86, 87]. Social vulnerability focuses
on the social environment of an individual and is used
as a predictor of outcomes not necessarily always
related to health or the aging process [87]; however,
applied to items reflective of social behavior, the defi-
cit accumulation model may be a useful framework
for quantifying social frailty. Given the evolutionary-
conserved relevance of social factors and determi-
nants for health and aging [22, 88], endeavors to do
so may use tools developed in preclinical literature
to reverse translate quantifiable behavioral items into
novel human indices of social frailty. For example, a
recent attempt to quantify the social dimensions of
aging in animal models led to the development of the
Mouse Social Frailty Index, which includes seven
assays that measure social behavioral functioning in
mice across social communication, social interaction,
and social functional ability [89, 90]. A translational
framework for social frailty quantification across spe-
cies would support geroscience, translational find-
ings, and clinical understanding with regard to the
social dimensions of the aging process [88].

It is within the outlined constraints that we advance
a slightly revised definition of social frailty: a con-
tinuum defined by a lack of adaptive social behaviors
and resources that are necessary for healthy aging.
Social frailty, defined in this manner, is predicted to
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show general increases with age and confer risk for
various adverse mental and physical health outcomes.
Rates of increase in social frailty and associated risks
vary between individuals, with higher levels reflect-
ing accelerated biological aging. Future research
should focus on empirically supporting this defini-
tion, advancing the construct of social frailty across
species, and producing a construct-valid dimensional
measure of social frailty that captures aging-related
social declines that increase vulnerability to adverse
health outcomes.

Strengths and limitations

The present study has limitations that must be con-
sidered. Differences between the HRS and MIDUS
cohorts with respect to both demographics and
response frequencies on items comprising the SFIs
limit our comparison across studies and age groups,
as differences interpreted as effects of life stage may
be artifacts of these cohort effects. There were also
differences in scale content between the HRS and
MIDUS surveys. Although item substitutions were
made to ensure that the same constructs were being
measured across scales, exact equivalence may not
have been achieved. Additionally, our methodological
approach was constrained by our attempt to directly
replicate Shah and colleagues’ approach. For exam-
ple, a survival analysis framework may have been
more appropriate for mortality risk prediction.

Nonetheless, our study does have marked strengths
supporting the robustness of our conclusions. We
successfully replicated Shah et al.’s SFI using the
original HRS dataset in which it was developed, con-
firming its predictive utility in an independent analy-
sis. Furthermore, we extended its application to the
MIDUS sample, demonstrating the index’s general-
izability across age cohorts and survey instruments.
Importantly, our use of two large nationally repre-
sentative samples of aging adults in the USA provides
inferential power to support our conclusions and their
generalizability.

Conclusion

Here we replicated, extended, and reevaluated
the Social Frailty Index introduced by Shah and
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colleagues [28], highlighting its utility as a tool to
predict mortality in aging individuals, but ques-
tioning its validity as a measure of social frailty.
In aggregate, our findings suggest that while the
SFI-10 has potential for mortality risk prediction
and stratification applications, it may not be a valid
index of social frailty. Further, social-environmental
factors included in the SFI-10 do not appear to pre-
dict mortality in and of themselves in older adults
although they are more strongly predictive closer
to midlife. Future efforts seeking to quantify social
frailty should unite theory and empiricism in meas-
urement creation, focus on social behaviors and
resources, and consider translational approaches
that connect the social dimensions of aging across
species. Clarifying what constitutes social frailty
and how best to measure it remains a critical step
for advancing theory, informing interventions, and
guiding policy aimed at the social dimensions of
aging and their implications.
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