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Abstract

Strengths-based models of care are increasingly popular with policymakers, but evidence of their effectiveness is currently
limited. This study examines the impact that a strengths-based care programme—community led support (CLS)—has had
on new and existing clients in England. Specifically, we used a difference-in-difference approach to estimate the treatment
effect of CLS on care provision, reviews, and expenditure, using the Short and Long Term (SALT) dataset published by NHS
Digital (2016 to 2021). Within local authorities that implemented CLS, we found evidence of changing care pathways for
new clients, including a ten-percentage-point reduction in funded care provision—though evidence for increased signpost-
ing to alternative services in this dataset was mixed. For existing clients, we found evidence of general improvements in
the quality of practice, as indicated by higher ratios of planned to unplanned care reviews. These improvements were also
realised without concomitant increases in expenditure rates. We believe these results can contribute towards an evidence
base for CLS and for strengths-based practice more generally.

Keywords Adult social care - Strengths-based - Asset-based - Social prescribing - Community led support

Introduction

Strengths-based (or ‘asset-based’) models of care have
received substantial policy support in the UK in recent years
(Department of Health and Social Care 2018, 2019), leading
to implementation in adult social care (ASC), primary care,
and public health contexts (Drinkwater et al. 2019; Foot &
Hopkins 2010). They are based on the critique of health and
care services being deficit orientated (i.e., what an individual
cannot do and the assessed risks), focused on professional
opinion not on what matters to the person, and prioritising
professional and service-orientated solutions over people’s
own resources (e.g., their personal skills and resilience,
their networks of family and friends, and supports within
their local communities). This results in services potentially
reducing people’s autonomy and independence alongside
committing formal resources which may not be required.
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Given their potential to enhance care outcomes and limit
healthcare expenditure, strengths-based models of care have
been adopted in various countries outside the UK (Gottlieb
& Gottlieb 2017; Rapp et al. 2006).

Community led support (CLS) is a strengths-based initi-
ative led by the National Development Team for Inclusion
(NDTI; ndti.org.uk; see Brown et al. 2020; Richardson
& Pitts 2023). CLS and strengths-based approaches more
generally provide core values and intervention strategies as
a starting point with acceptance that the operationalisation
of these values will differ in each specific implementa-
tion setting (Brown et al. 2020; Caiels et al. 2021; Depart-
ment of Health and Social Care 2019; Miller & Whitehead
2015; Richardson & Pitts 2023). CLS is funded through
individual local authorities signing up to participate and
paying an annual programme fee. They receive facilitation
support from the NDTI team to help them review their
current processes and identify opportunities to improve.
They also have access to a range of learning opportunities
related to change management, impact measurement and
strengths-based care models and can engage with peer sup-
port and learning through online forums and in-person net-
working days. In CLS, core intervention strategies include
creating community access hubs in which members of
the public can approach health and care professionals,
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reducing bureaucracy through streamlining assessment
and care planning processes, and enabling greater flex-
ibility in how social workers use budgets associated with
people’s care. The blend and sequencing of these interven-
tions will be adapted or augmented according to the needs
of the local community (Miller et al. 2024). This flexibility
is embraced as a core tenet of CLS, which calls itself a
‘place-based approach’ (Brown et al. 2020), but lack of
consistency regarding implementation creates challenges
for evaluating a framework’s effectiveness (Daly & West-
wood 2018; Staudt et al. 2001).

Consequently, evidence to date of CLS effectiveness has
predominantly relied on personal testimonies and smaller
single-site case studies, with few attempts to evaluate the
programme at a national level (Brown et al. 2017, 2020;
Richardson & Pitts 2023). This pattern is not specific to
CLS, but extends to strengths-based practice in general. In
arecent scoping review, Caiels and colleagues (2021) con-
cluded that despite popularity and significant investment,
the evidence supporting the effectiveness of strengths-
based practice was overall limited. Without robust evalua-
tion, the ability of local areas to make evidence-based deci-
sions regarding strengths-based interventions will remain
limited. In the current analysis, we will attempt to quantify
the impact that the CLS programme has had across Eng-
land. Although our focus here is on CLS specifically, we
believe that our results could also contribute towards an
evidence base for strengths-based practice more generally.

A theory of change was developed for CLS through
reviewing programme documents and interviewing members
of the NDTT team and the implementation leads within local
sites (Breuer et al. 2015; Miller et al. 2024). This set out the
underpinning assumptions behind the implementation of CLS
within local areas and the causal chains which linked activi-
ties with outcomes. Despite some variation in local contexts,
there was much commonality in how the programme would
adapt organisational processes and practitioner behaviours
to reflect strengths-based principles—for example, changing
the focus of core assessment documentation from checklists
which identify areas of concern to a more conversational
approach which starts from people’s aspirations and factors
which enable them to have a good quality of life. Building on
this theory of change, and previous reports by NDTI (Brown
et al. 2017, 2020), there are several expected CLS outcomes
against which its effectiveness can be gauged (see Appen-
dix Table 6). Although some variation in CLS implementa-
tion between sites is to be expected, the outcomes listed in
Table 6 should still emerge if the core values of CLS are
adhered to (Brown et al. 2017, 2020). From these expected
outcomes, we can generate several testable predictions about
what changes should be visible and increasing once the CLS
approach has been established within a region.

@ Springer

Firstly, CLS should affect how people access care ser-
vices, and where they end up. The approach places value on
high-quality, early conversations to assess a potential client’s
strengths and assets, and to connect them to relevant support
options based in the local community. This should result in a
reduced number of people receiving funded care, alongside
a concomitant increase in the number of people directed to
alternative sources of support. Secondly, we hypothesise that
care pathways become more efficiently organised, increasing
the quality of care. For example, care that is better tailored
to the needs of individuals is likely to be more effective
in achieving people’s preferred outcomes. One indicator of
improved quality would be a reduction in unplanned reviews
of a person’s care package—or equivalently, an increase in
the ratio of planned reviews (which are pre-determined and
good practice) to unplanned reviews, reflecting a more pro-
active, rather than reactive, style of care. We should also
expect increases in care quality not to come at increased
costs, as they are instead driven by better use of existing
resources.

Methods
Sample

The local authorities in England who have participated in
the CLS programme at the time of the study were identified
by NDTI (Appendix Table 7). These vary considerably in
relation to their physical geography, population size, socio-
economic status, and cultural diversity.

Datasets

We tested the above hypotheses using administrative data
provided by local authorities across England. Specifically,
we used the Adult Social Care Activity and Finance Report
(ASC-FR; NHS Digital 2023) and Short- and Long-Term
Services (SALT; NHS Digital 2023) datasets, which include
publicly available aggregated data on care access, provision,
reviews and expenditure. We supplemented these datasets
with local-authority level covariates published by the Office
for National Statistics (ONS; ons.gov.uk), the Care Qual-
ity Commission (CQC; cqc.org.uk), and the Department for
Work and Pensions (DWP; stat-xplore.dwp.gov.uk). Data
extracted from these sources include population statistics,
care bed availability, as well as claimant numbers for Pen-
sion Credit, Attendance Allowance, and Carer’s Allowance.

Our analysis was restricted to the six-year time window
that the ASC-FR has been published at the time of writ-
ing (financial years 2016-2017 to 2021-2022). As local
governments in England were restructured during this time
period, we created a standardised dataset of 149 upper-tier
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local authorities by combining data from regions that have
either merged or divided (Northamptonshire; Bournemouth,
Christchurch and Poole) and by excluding two sparsely pop-
ulated regions (Isles of Scilly and the City of London). Only
data from older adults (aged 65 or more) were included (see
Table 1).

Variables

Provision. To assess the impact of CLS on care provision,
we created two proportional dependent variables. First, we
calculated the proportion of total requests from new cli-
ents that resulted in local-authority funded care, whether
it be long-term (9.94%), short-term (21.10%) or low-level
care (17.25%). Second, of those requests not resulting in
funded care (51.72%), we calculated the proportion that
were signposted to other services (e.g., voluntary sector
services; 50.67%). To capture differences in the source of
care requests, the majority of which originated from either
the community (75.57%) or hospital discharge services
(24.43%), we also included an Access Route factor (com-
munity or hospital) within our models.

Reviews. The SALT dataset distinguishes between rou-
tine planned reviews (67.77%) and unplanned reviews that
resulted from a sudden change in the client’s circumstances
(e.g., an acute health event; 32.23%). Of the total number of
reviews for existing long-term clients (i.e. those receiving
care for 12 months or more at year end), we calculated the
proportion that were designated as planned.

Expenditure. For our cost-of-care analysis, we focused on
expenses related to long-term care and used gross current

Table 1 Data summary

expenditure (GCE) as our dependent variable. GCE is the
standard fiscal metric used by NHS Digital to cover local
authority spending that is not offset by client income (NHS
Digital 2022). All expenditure values were converted to rates
of £1000 s per 1000 residents over 65. Expenditure rate was
log-transformed (natural log) prior to model-fitting to reduce
skewness. A Care Type factor (community or residential)
was also included to differentiate expenditure for clients
based in their own homes (including home care, direct pay-
ments and supported living) from expenditure for clients
based permanently in a residential or nursing home (hence-
forth referred to as ‘residential’). Overall, a larger propor-
tion of long-term care costs were spent on residential care
(64.62%) compared to community care (35.38%).
Descriptive statistics for each of the dependent variables
used in our analyses are provided in Table 1. For continuous
variables, outliers (>99%) were replaced with the threshold
values, and zero values were removed. Once proportional
dependent variables were computed, ones (i.e. 100%) were
also removed (see Table 1 for the percentage of missing data).
Additionally, Table 1 also includes summaries of covariates
included in all models to capture relevant systematic variation
across regions. Of these covariates, Pension Credit, Attendance
Allowance, and Carer’s Allowance are all forms of financial
aid available to older people, particularly those who require
a carer (Carer’s Allowance) or have disabilities (Attend-
ance Allowance). Claimant numbers for these benefits were
included as indicators of physical and financial need. The total
number of care beds within a region (care bed availability)
was also included as an indicator of care capacity, alongside
relevant population characteristics, such as over 65 population

Mean SD Min Max N Source

Care requests’ 15.83 19.49 0.03 106.52 6966 (2.60) SALT
Proportion with funded care 56.58 20.09 6.10 99.64 1769 (1.06) SALT
Proportion of non-funded signposted 39.26 30.11 0.30 99.84 1563 (12.58) SALT
Care reviews> 0.46 0.28 0.003 1.25 1783 (0.28) SALT
Proportion planned 68.71 16.23 2.99 98.93 891 (0.34) SALT
Care expenditure (£1000s)’ 414.29 177.89 22.75 965.90 1780 (0.45) ASC-FR
Care expenditure (£1000s)> 15.50 6.62 0.89 36.77 1780 (0.45) ASC-FR
Attendance Allowance' 131.90 20.76 81.50 200.63 894 (0) DWP
Care bed alvailabilityl 43.33 10.44 11.34 82.58 894 (0) CQC
Carer’s Allowance' 28.48 10.98 9.48 7591 894 (0) DWP
Pension Credit! 156.22 65.31 46.17 442.82 894 (0) DWP
Population size (1000 s) 68.75 60.93 9.41 322.78 894 (0) ONS
Proportion over 80 26.98 1.72 21.95 31.32 894 (0) ONS

1. per 1000 residents over 65. 2. per existing clients. Data includes older adults only (over 65s). All proportions are displayed as percentages. N,
number of independent data points across 149 regions and 6 years, with % missingness in brackets. N includes multiple observations per year for:
Care requests (Access Route: community and hospital, Care Destination: long-term, short-term, low-level, or non-funded), Care reviews (Review
Type: planned and unplanned), and Care expenditure (Care Type: community and residential). SALT, Short and Long Term; ASC-FR, Adult
Social Care Financial Return; DWP, Department of Work and Pensions; CQC, Care Quality Commission; ONS, Office for National Statistics
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size and the percentage of the population over 80 years of age.
Aside from population characteristics, all covariates were con-
verted to rates per 1000 residents over 65. Zero values were
also removed from all covariates, and population size, Pension
Credit and Carer’s Allowance were log-transformed to reduce
skew.

To reduce multicollinearity between covariates, Attendance
Allowance was subsequently removed from our analysis as it
was highly correlated with Carer’s Allowance (r=0.82) and
Pension Credit (r=0.70), possessing a variance inflation factor
(VIF) of 5.87 (Thompson et al. 2017). After the removal of
Attendance Allowance, all VIFs for covariates were less than
three (M =1.71).

Analysis strategy

To assess the impact that CLS implementation had on care
provision, reviews, and expenditure, we used a difference-
in-difference (DiD) fixed effects modelling approach (Wing
et al. 2018). This approach enables us to estimate the treatment
effect of CLS, while controlling for general differences across
region and time and thus any underlying variables that are
not explicitly measured. Formally, we estimated the equation:

Y, =a;+6 + B (CLS, X T}) + 1/X, + ¢,

where a; is the time-invariant fixed effect for each local
authority i and 6, is the time dummy for year ¢. The coeffi-
cients, f, are the parameters indicating the effect of CLS in
the years before and after CLS implementation. Time peri-
ods, k, included two pre-implementation (years — 5 to — 4
and — 3 to — 2) and three post-implementation periods (years
0to 1,2 to 3, and 4 +), with the year prior to implementation
(— 1) used as the reference year (henceforth the five non-
reference time periods will be referred to as years — 4, — 2,
0, 2, and 4). The CLS treatment effect is determined by the
interaction between a CLS treatment dummy, CLS;, and the
dummies representing pre- and post-implementation time
periods, Tl.’j. We then calculated the average treatment effect
on the treated (ATT) by averaging across post-implementa-
tion coefficients (Sun & Abraham 2021). The parameters,
W, estimate effects for a vector of j control variables, X{t,
included within the model. All models included the covari-
ates listed in Table 1, but provision and expenditure models
also included an additional grouping factor to account for the
effect of Access Route (provision) and Care Type (expendi-
ture) on Y,. Finally, ¢, represents idiosyncratic error values
within the model. In theory, we expect the f coefficients
for time periods prior to CLS implementation (f_-_, and
Pr=_4), to be zero, after accounting for the fixed effect a;
and the covariates in X{t—that is, being a CLS site before
implementation should not be different from a non-CLS site

@ Springer

at that time, allowing for some contamination from treatment
effects at other time periods (see Sun & Abraham 2021).

Recent advances in econometric theory have suggested that
standard two-way fixed effect (TWFE) regression can produce
biased treatment estimates when treatment times are staggered
(see Baker et al. 2022) and are not robust to the inclusion
of covariates (Caetano & Callaway 2024). Considering this,
alongside conventional TWFE models, we also estimated DiD
models using the Sun and Abraham (2021) method (S&A),
which can adequately deal with dynamic treatment effects
and small sample sizes, accounting for contamination of the
overall treatment effect by treatment effects from other peri-
ods (using weights derived from an auxiliary regression).
For both TWFE and S&A methods, we used cluster-robust
standard errors to account for correlations within regions.
Standard errors were adjusted post hoc by clustering at the
local-authority level (Abadie et al. 2022; Cameron & Miller
2015; MacKinnon et al. 2023). All models were estimated
using the ‘fixest’ package in R (Berge et al. 2023).

Results
Selection bias

Local authorities with higher care needs may be more
likely to implement CLS. To explore potential selection
bias, we followed Stokes and colleagues’ (2019) approach,
using logistic regression analysis to examine factors asso-
ciated with CLS adoption. The analysis showed that none
of the covariates were statistically significant predictors of
CLS implementation at the 5% level. Additionally, t-tests
assessing balance in covariates before CLS implementa-
tion (Appendix Table 9) indicated no significant differences
between CLS and non-CLS sites. Taken together, these
results suggest observed characteristics were balanced and
there was no evidence of selection bias.

Care provision

Our analysis on care provision focused on how CLS imple-
mentation affected the percentage of care requests that
resulted in funded care (Fig. 1) and the percentage of non-
funded care requests that were signposted to other services
(Fig. 2). Figure 1a plots the percentage of funded requests for
CLS sites’ post-implementation years in red, with all other
‘non-CLS’ years plotted in blue. Boxplots overlay the indi-
vidual values and illustrate the change in funded care follow-
ing CLS implementation (M= —6.5%). The results of a
DiD event study are summarised in Table 2 and displayed in
Fig. 1b, estimating the treatment effect of CLS on funded care.
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Fig.1 Community led support (CLS) and the percentage of requests
receiving funded care. A Boxplots representing the unadjusted distri-
bution of values for CLS (red) and Non-CLS (blue) years within local
authorities in England from 2016 to 2021, divided by Access Route.

Years relative to CLS implementation

B CLS coefficients and 95% confidence intervals (CIs) for time peri-

ods pre- and post-implementation (reference year=— 1), computed
using two-way fixed effects (TWFE) and Sun and Abraham (2021)
methods

Effect on signposting

® TWFE
® Sun & Abraham (2021)

u

A B
£ non-CLS & CLS

N
100 4 o
‘ = o

- 751 )
9 x 2
2 3 °
2 50 ’ 8 _
S .
.a '. g CI)
2 : g
254 s S
Q
ol 9 —&— S

comr;lunity hoslpital

Access route

Fig.2 Community led support (CLS) and the percentage of non-
funded requests that were signposted to other services. A Boxplots
representing the unadjusted distribution of values for CLS (red) and
non-CLS (blue) years within local authorities in England from 2016

The average treatment effect (ATT) of CLS on care
provision (TWFE: ﬁ = —0.095, r=3.53, p<0.001; S&A:
ﬂA —0.096, r=4.39, p<0.001) indicated a reduction in
funded care equivalent to 10 percentage points following
CLS implementation. Consistent with a causal effect of CLS,

pre-implementation time periods did not significantly differ

T T
-2 0 2
Years relative to CLS implementation

to 2021, divided by Access Route. B CLS coefficients and 95% con-
fidence intervals (Cls) for time periods pre- and post-implementation
(reference year=-1), computed using two-way fixed effects (TWFE)
and Sun and Abraham (2021) methods

from the reference year, while all three time periods post-
implementation showed significant reductions in the pro-
portion of funded care (see Fig. 1b). Moreover, CLS effects
scaled with the number of years post-implementation, from
6 percentage points in the first time period increasing to 13
and 17 percentage points in the second (year 2) and third
(year 4) time periods, respectively (S&A estimates).

@ Springer
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Table 2 Funded care—

. TWFE Sun and Abraham (2021)
proportion of total requests

Parameter ﬁ (SEcp) Conf. intervals ﬁ (SEcp) Conf. intervals
lower upper lower upper

CLS (ATT) —0.10 (0.03)*** -0.15 —-0.04 —0.10(0.02)*** -0.14 -0.05

CLS (year -4)  0.01 (0.05) -0.08 0.11 0.04 (0.03) -0.01 0.09

CLS (year-2) —0.02 (0.03) —-0.08 0.04 —0.009 (0.02) -0.05 0.03

CLS (year 0) —0.06 (0.02)** -0.10 -0.02 —0.06 (0.02)** -0.10 -0.02

CLS (year 2) —0.12 (0.04)** -020 —-0.04 —0.13(0.04)** -020 -0.05

CLS (year 4) —0.13 (0.05)* -023 -0.03 —0.17 (0.05)** -0.28 —-0.06

N,,,= 1769, R*=0.603

N,,,= 1768, R*=0.606

+p<.1, * p<.05, ** p<.01, *** p<.001. Estimates, cluster-robust standard errors and 95% confidence
intervals for models predicting the effect of CLS implementation on the proportion of total requests receiv-
ing funded care. The first model uses a conventional two-way fixed effects (TWFE) difference-in-difference
approach, while the second uses the Sun and Abraham (2021) method for dynamic treatment effects. CLS
parameters are displayed for five time periods pre- and post-implementation, using the year prior to imple-
mentation (year -1) as the reference level. The average treatment effect on the treated (ATT) was calculated
by averaging across the post-implementation coefficients. The model includes all variables in Table 1 as

controls

To investigate the parallel trends assumption, we first
conducted a TWFE event study to visualise year-by-
year effects of CLS pre- and post-treatment (Appendix
Fig. 5). We then conducted a placebo test, setting the CLS
intervention time point four years earlier. Aside from a
borderline effect in the second year post-sham interven-
tion (p =0.049), there were no effects of CLS pre-imple-
mentation (see Fig. 5). To confirm this, we conducted a
pre-trend test, finding that the aggregated pre-treatment
coefficients were not significantly different from zero
(pre-trend ATT =0.003, r=0.10, p=0.922). Further, we
estimated the robustness of the CLS treatment effect by
varying the sampling window (3, 4, and 5 years pre- and
post-implementation). We also computed doubly robust
DiD estimates that relax the assumption of homogenous
treatment effect across covariates (Callaway & Sant’Anna
2021). These results are provided in Appendix Tables 10
and 11 and align with our main findings.

Signposting to other services

Of those requests that did not receive funded care, we
found that, in general, CLS did not increase the proportion
signposted to other services (TWFE: ,BA = 0.004, r=0.10,
p=0.923; S&A: B =0.013, t=0.40, p=0.689), relative
to the year prior to its implementation (see Table 3 and
Fig. 2), though we do note a five-percentage-point uptick
in the first time period post-implementation.

The pre-intervention effect of CLS was non-significant
(TWFE pre-trend ATT=-0.132, t=1.83, p=0.067). This
indicates that the assumption of parallel trends was not vio-
lated and that overall levels of signposting did not differ

@ Springer

between CLS and non-CLS sites pre-implementation. The
placebo test findings (Appendix Fig. 6) corroborate this result.
Results from the variable sampling (Apendix Table 12) analy-
sis also indicate no effect of CLS on signposting.

Care reviews

Next, we assessed the impact of CLS on existing clients.
The percentage of reviews that were planned (as opposed
to unplanned) are plotted for CLS and non-CLS years in
Fig. 3a. Table 4 summarises the results of the DiD analysis,
and the parameters for CLS are plotted in Fig. 3b.

The results from Sun and Abrahams (2021) model indi-
cate that the CLS programme increased the proportion of
planned care reviews by 8 percentage points overall, [/3\ =
0.082, r=3.08, p=0.002, though the average treatment
effect using two-way fixed effects estimation was non-sig-
nificant, ﬁ =0.053,r=1.49, p=0.139. The S&A model also
found increasing effects of CLS across time points, including
increases in planned reviews of 12 and 17 percentage points
for years 2 and 4 post-implementation, respectively.

A pre-trend test indicated that the overall level of planned
reviews did not differ between CLS and non-CLS sites prior
to implementation (TWFE pre-trend ATT =-0.06, r=1.02,
p=0.306). Our placebo test did reveal a dip in the proportion
of planned reviews in years -3 and -4 (see Appendix Fig. 7).
However, this likely does not reflect a linear trend given
the lack of differences in other years (particularly year -5)
and overall (see Table 11). Our sample analysis (Appendix
Table 13) and the doubly robust estimates (Table 11) suggest
a positive effect of CLS on planned reviews, particularly in
later time periods post-implementation.
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Table 3. Signposted— TWFE Sun and Abraham (2021)

proportion of non-funded

requests Parameter ﬁ (SEcp) Conf. intervals ﬁ (SEcp) Conf. intervals

lower upper lower upper
CLS (ATT) 0.004 (0.05) —-0.09 0.10 0.01 (0.03) —0.05 0.08
CLS (year -4) —0.14 (0.07)+ -0.28 0.002 —0.13 (0.05)* -0.22 -0.03
CLS (year -2) —0.13 (0.08) -0.29 0.03 —0.15 (0.05)** -0.25 —-0.06
CLS (year 0) 0.05 (0.03) —-0.01 0.11 0.05 (0.02)* 0.006 0.10
CLS (year 2) —0.06 (0.07) -0.21 0.09 —0.06 (0.06) -0.19 0.07
CLS (year 4) 0.02 (0.07) -0.12 0.17 0.07 (0.06) —0.05 0.20
N,,,=1563, R*=0.625, AIC= —525 N, = 1562, R*=0.629, AIC= —522

+p<.1, * p<.05, ** p<.01, *** p<.001. Estimates, cluster-robust standard errors and 95% confidence inter-
vals for models predicting the effect of CLS implementation on the proportion of non-funded requests sign-
posted to other services. The first model uses a conventional two-way fixed effects (TWFE) difference-in-dif-
ference approach, while the second uses the Sun and Abraham (2021) method for dynamic treatment effects.
CLS parameters are displayed for five time periods pre- and post-implementation, using the year prior to imple-
mentation (year -1) as the reference level. The average treatment effect on the treated (ATT) was calculated by
averaging across post-implementation coefficients. The model includes all variables in Table 1 as controls
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Fig.3 Community led support (CLS) and the percentage of planned
reviews for existing clients. A Boxplots representing the unadjusted
distribution of values for CLS (red) and non-CLS (blue) years within
local authorities in England from 2016 to 2022. B CLS coefficients

Care expenditure

Finally, we investigated whether implementing CLS affected
the rate of local authority spending on long-term care. Fig-
ure 4a displays gross current expenditure (GCE) per 1000
residents over 65 years of age (£1000 s), separated by long-
term care setting (Care Type: community or residential)
and CLS status. As in previous sections, we used two fixed
effects modelling approaches (TWFE and S&A) to estimate
the effect of CLS, this time on the log rate of GCE per 1000
residents over 65 (Table 5 and Fig. 4b).

and 95% confidence intervals (CIs) for time periods pre- and post-
implementation (reference year=— 1), computed using two-way fixed
effects (TWFE) and Sun and Abraham (2021) methods

Our analysis found no overall effect of CLS on care
expenditure (GCE) rates (TWFE: ﬁ = —0.026, t=0.33,
p=0.740; S&A: ﬁ = —0.031, r=0.33, p=0.741), and no
effect for any of the post-implementation time-period coef-
ficients. The pre-trend test (TWFE pre-trend ATT =-0.07,
t=1.15, p=0.250), and placebo test (Appendix Fig. 8) show
no evidence of a CLS effect prior to implementation (see also
Appendix Tables 11 and 14).
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Table 4. Planned rcVie}Vs— TWFE Sun and Abraham (2021)

proportion of total reviews
Parameter ﬁ (SEcp) Conf. intervals ﬁ (SEcp) Conf. intervals

lower upper lower upper
CLS (ATT) 0.05 (0.04) —-0.02 0.12 0.08 (0.03)** 0.03 0.13
CLS (year -4) —0.08 (0.08) -0.25 0.09 —0.13 (0.08) + -0.26 0.01
CLS (year -2) —0.05 (0.05) —-0.15 0.05 —0.10 (0.05)* -0.18 -0.02
CLS (year 0) 0.05 (0.04) —-0.02 0.12 0.05 (0.04) —0.009 0.10
CLS (year 2) 0.07 (0.04) + —0.009 0.15 0.12 (0.04)*** 0.06 0.17
CLS (year 4) 0.03 (0.05) -0.07 0.14 0.17 (0.04)*** 0.10 0.25
N,,, =891, R?=0.698, AIC= — 1451 N, =890, R?=0.704, AIC = — 1446

+p<.1, * p<.05, ** p<.0l, *** p<.001. Estimates, cluster-robust standard errors and 95% confidence
intervals for models predicting the effect of CLS implementation on the proportion of total reviews that
were planned. The first model uses a conventional two-way fixed effects (TWFE) difference-in-difference

approach, while the second uses

the Sun and Abraham (2021) method for dynamic treatment effects. CLS

parameters are displayed for five time periods pre- and post-implementation, using the year prior to imple-
mentation (year -1) as the reference level. The average treatment effect on the treated (ATT) was calculated
by averaging across post-implementation coefficients. The model includes all variables in Table 1 as controls
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Fig.4 Community led support (CLS) and the expenditure rate per
1000 residents over 65 (GCE: gross current expenditure in £1000 s).
A Boxplots representing the unadjusted distribution of values for CLS
(red) and non-CLS (blue) years within local authorities in England
from 2016 to 2022, divided by long-term care setting (community

Discussion

Despite its popularity, evidence supporting the effectiveness
of strengths-based approaches in adult social care is limited,
partly due to a lack of consensus in how to measure and
evaluate its impact (Caiels et al. 2021). In this paper, we
estimate the effects of community led support (CLS), which
is a strengths-based programme funded by NDTI and imple-
mented in 16 local authorities across England (Brown et al.
2020; Richardson & Pitts 2023). Although flexible in its

@ Springer

or residential care). B CLS coefficients and 95% confidence inter-
vals (ClIs) for time periods pre- and post-implementation (reference
year=— 1), computed using two-way fixed effects (TWFE) and Sun
and Abraham (2021) methods

implementation, CLS expects to provide outcomes aligned
with its core principles (Table 6) with commonality between
the participating sites in their assumptions regarding the
benefits of the programme and how it would change practi-
tioner behaviour and organisational systems. In the current
analysis, we used these expected outcomes to hypothesise
differences that should be visible in SALT administrative data
(2016-2021) after the programme has been implemented.
Firstly, given the emphasis in CLS on utilising local,
community-based resources, we hypothesised that CLS
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Table 5 Expenditure—log-rate TWFE Sun and Abraham (2021)

GCE per 1000 residents over 65
Parameter ﬁ (SEqp) Conf. intervals ﬁ (SEcp) Conf. intervals

lower upper lower upper

CLS (ATT) —0.03 (0.08) -0.18 0.13 —0.03 (0.09) -0.21 0.15
CLS (year -4) —0.10 (0.09) -0.28 0.07 —0.06 (0.05) —-0.15 0.04
CLS (year -2) —0.11 (0.06)* -0.22 —0.002 —0.08 (0.04)* —-0.16 -0.01
CLS (year 0) —0.007 (0.08) -0.17 0.15 —0.03 (0.08) —-0.18 0.12
CLS (year 2) —0.01 (0.09) -0.19 0.16 —0.02 (0.11) -0.23 0.19
CLS (year 4) —0.08 (0.09) -0.26 0.10 —0.08 (0.16) -0.40 0.24

N,,.=1780, R?=0.704, AIC=328

N,,.=1779, R?=0.705, AIC =340

+p<.1, * p<.05, ** p<.01, *** p<.001. Estimates, cluster-robust standard errors and 95% confidence
intervals for models predicting the effect of CLS implementation on the log rate of GCE (gross current
expenditure) per 1000 residents over 65 years of age. The first model uses a conventional two-way fixed
effects (TWFE) difference-in-difference approach, while the second uses the Sun and Abraham (2021)
method for dynamic treatment effects. CLS parameters are displayed for five time periods pre- and post-
implementation, using the year prior to implementation (year -1) as the reference level. The average treat-
ment effect on the treated (ATT) was calculated by averaging across post-implementation coefficients. The
model includes all variables in Table 1 as controls

implementation would lead to fewer people receiving funded
care, and that a greater proportion of those not receiving care
would be signposted to alternative community-based care
options. This prediction was supported by the data, in part.
CLS implementation led to a ten-percentage-point reduc-
tion in funded care provision overall, with later time periods
post-implementation seeing the largest reductions. However,
we found little evidence of increased signposting. Overall,
our findings suggest that CLS has had a significant impact on
care pathways within implementation sites, diverting more
people away from ‘traditional’ local authority funded care,
but it is unclear from our data whether those not receiv-
ing care were signposted to alternative sources of support.
It could be the case that a significant proportion of CLS
signposting occurred outside of the official requests for care
(e.g., at community hubs), and are not captured in the SALT
dataset, meaning they are missed in our analysis. Though we
found no evidence that CLS sites differed from non-CLS
sites on regional covariates, it is plausible that reductions in
funded care might reflect general cost-cutting in the same
time frame.

Next, we hypothesised that greater CLS-driven efficien-
cies in the care system would lead to improved care for exist-
ing clients, but without increases in spending. As a general
indicator of quality of practice, we considered care reviews,
reasoning that a higher proportion of planned to unplanned
reviews would indicate a more preventative, rather than
reactionary, style of care. Using the Sun and Abraham
(2021) estimation approach, we found that the proportion
of planned reviews was eight percentage points higher fol-
lowing CLS implementation, suggesting that long-term cli-
ents within those sites were receiving higher quality care, at
least according to this metric. The effect was non-significant

within the first period post-implementation, but was present
and increasing after the programme had been established for
two years. There was also no significant difference in the rate
of local authority spending following CLS implementation.
Taken together, these findings suggest that care improve-
ments were realised without an increase in expenditure.

CLS has therefore had an impact on both new and exist-
ing clients, but the question of ~sow CLS achieved these
outcomes is more complex and beyond the scope of this
current work. Supporters of CLS and strengths-based mod-
els more broadly accept that implementation strategies will
likely differ from place to place (Brown et al. 2017, 2020;
Miller & Whitehead 2015; Richardson & Pitts 2023). This
is often seen as a strength, as a broad and flexible framework
can be adapted to meet the specific needs of a local region,
but it also leads to challenges in evaluating which aspects
of the model are working and why (Caiels et al. 2021,
Daly & Westwood 2018; Staudt et al. 2001). Future work
should identify the mechanisms of change within strengths-
based practice, to better guide its implementation, and to
help deliver on desired outcomes. In our theory of change
(Miller et al. 2024), participating sites saw key opportuni-
ties as being the introduction of more flexible processes,
which provided practitioners greater opportunity to support
people based around their informal supports and community
resources, as well as the training, development, and profes-
sional supervision which gave them the skills and confidence
to practice more creatively.

In the current analysis, we have taken steps to minimise
bias in our estimates of the impact of CLS—for instance,
using a dynamic difference-in-difference framework (Sun &
Abraham 2021)—but we also note some limitations. Firstly,
the nature of strengths-based approaches, CLS included,
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leads to differences in how the framework is implemented.
Here, we have focused on the core principles of CLS and
have tested hypotheses that are based on outcomes that are
expected across all sites, regardless of specific implementa-
tion strategies (Table 6). However, such heterogeneity may
limit the generalisation of our results to specific regional
models of CLS. Secondly, we note that local authorities may
implement alternative care initiatives alongside CLS, includ-
ing other forms of strengths-based practice. Although the
DiD approach was selected to isolate the causal impact of
CLS within specific regions and time points, we also recog-
nise the complexity inherent within the systems of care that
we are studying. Finally, we note that these results reflect the
implementation of CLS in England and may not generalise
to other countries.

Yearly effect of CLS on funded care provision
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Fig.5 Yearly effect of CLS on funded care provision (left) across five
years pre- and post-implementation (reference year=-1), using two-
way fixed effects (TWFE). As well as the results of a placebo test

Yearly effect of CLS on signposting

In this paper, we have taken a wide-lensed approach,
investigating whether effects of strengths-based care ini-
tiatives—in this case, community led support—are vis-
ible at the national level. Although the current work was
focused on CLS specifically, we believe these findings
could contribute towards an evidence base for strengths-
based practice more generally, and will have implications
for policymakers and practitioners working in that field.

Appendix

See Figs. 5,6, 7, 8.
See Tables 6, 7, 8,9, 10, 11, 12, 13, 14.
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Fig.6 Yearly effect of CLS on signposting (left) across five years pre- and post-implementation (reference year=— 1), using two-way fixed

effects (TWFE). As well as the results of a placebo test with a sham CLS intervention at year — 4 to test the parallel trends assumption (right)
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Fig.7 Yearly effect of CLS on planned reviews (left) across five years pre- and post-implementation (reference year=— 1), using two-way fixed

effects (TWFE). As well as the results of a placebo test with a sham CLS intervention at year — 4 to test the parallel trends assumption (right)

Yearly effect of CLS on expenditure
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Table 6 Outcomes from
community led support (CLS)

Outcome

AN AW N =

Easier, quicker access to the right support for each person

An increased presence and use of local solutions and options for support

Local services help people achieve their goals, and the feel happier and more resilient
Local services offer holistic, seamless support (as a result of changes introduced)
Staff delivering CLS are empowered and confident

Better use of local resources (value for money, efficiencies, effectiveness)

Reproduced from Brown et al., (2020)
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Table 7. Community led support CLS Site Year Established

(CLS) sites
Barnsley 2021-22
Bradford 2017-18
Cheshire West and Chester 2021-22
Doncaster 2016-17
Hartlepool 2019-20
Leeds 2014-15
Salford 2019-20
Somerset 2015-16
Stoke-on-Trent 2020-21
Swindon 2020-21
Thurrock 2017-18
Torbay 2018-19
Warrington 2020-21
Warwickshire 2017-18
West Sussex 2018-19
York 2017-18
Year Established’ refers to the financial year (March—April)

Table 8 Signposted— TWFE Sun and Abraham (2021)

proportion of non-funded

requests (log-odds) Parameter B (SE ) Conf. intervals B (SE ) Conf. intervals

lower  upper lower  upper

CLS (ATT) —0.01 (0.26) -0.52 050 0.05 (0.19) -0.32 041
CLS (year -4) —0.72 (0.34)* -139 -0.05 —0.60(0.29)* -1.16 -0.04
CLS (year-2) —0.71(0.39)+ —1.46 0.05 —0.75 (0.24)** -123 -0.28
CLS (year 0)  0.24 (0.16) -0.07 0.5 0.25 (0.12)* 0.008  0.49
CLS (year2) —0.37(0.42) -1.19 044 —0.35(0.36) —-1.06 0.35
CLS (year4)  0.09 (0.42) -0.73 091 0.40 (0.38) -0.34 1.13

Table 9 Comparison of CLS
and non-CLS characteristics

@ Springer

N,,,= 1563, AIC=1648

N,,,= 1562, AIC=1664

+p<.1, * p<.05, ¥* p<.01, *** p<.001. The models presented in Table 3 predicting the proportion of
non-funded requests signposted to other services were re-estimated using general linear models with a logit-
link. Estimates, cluster-robust standard errors and 95% confidence intervals for these models are presented
here. The first model uses a conventional two-way fixed effects (TWFE) difference-in-difference approach,
while the second uses the Sun and Abraham (2021) method for dynamic treatment effects. CLS parameters
are displayed for five time periods pre- and post-implementation, using the year prior to implementation
(year -1) as the reference level. The average treatment effect on the treated (ATT) was calculated by aggre-
gating across post-implementation coefficients. The model includes all variables in Table 1 as controls

CLS Non-CLS T-test P value Logistic regression
coefficient

Mean (SD) Mean (SD)
Carer's Allowance 3.47 (0.09) 3.40 (0.03) 0.46 -3.644(2.08)
Care bed availability 47.39 (2.56)  44.57 (0.92) 0.36 -0.03 (0.04)
Pension Credit 4.97 (0.08) 5.13(0.03) 0.15 4.614(2.36)
Population size 3.90 (0.17) 3.93 (0.06) 0.91 0.60 (0.43)
Percentage over 80 26.73 (0.41)  26.94 (0.16) 0.68 -0.07 (0.18)
N 13 133 146

+p<.1,%p<.05, # p< 01, ¥ p< 001
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Table 10 Effect of CLS on
funded care provision across
different time samples

Post-implementa-
tion year

+3 years

+4 years

+5 years

CLS (year 0)
CLS (year 1)
CLS (year 2)
CLS (year 3)
CLS (year 4)

-0.076*** (0.022)
-0.046 (0.028)
-0.098%* (0.042)
-0.136%* (0.042)

-0.077%#* (0.022)
-0.044 (0.029)
-0.104* (0.043)
-0.142%%% (0.042)
-0.124%% (0.046)

-0.079**%* (0.022)
-0.042 (0.029)
-0.104* (0.043)
-0.142%%% (0.042)
-0.125%* (0.046)

N,

ol

b= 1729, R?=0.606 N,,,=1753, R*=0.605 N,,,=1763, R*=0.603

+p<.1, ¥ p<.05, ¥* p<.01, ¥** p<.001. Two-way fixed effect estimates for the treatment effect of CLS
on the proportion of total requests receiving funded care for the first four years post-implementation. Esti-
mates and cluster-robust standard errors are provided for different time samples, including 3, 4, and 5 years
pre- and post-implementation. The model includes all variables in Table 1 as controls

Table 11 Sensitivity analysis using doubly robust DiD

Funded care Signposted Planned reviews Care expenditure
Pre-intervention average effects (T <0) -0.02 (0.02) 0.03 (0.02) 0.01 (0.02) -0.01 (0.08)
Pre-trend joint test ((10)) 253.87%%* 208.40%#* 34.76%** 77 .45%%*
T=-5 0.01 (0.03) -0.07* (0.04) -0.11% (0.06) -0.20 (0.32)
T=-4 -0.02 (0.03) -0.002 (0.06) -0.01 (0.03) 0.08* (0.05)
T=-3 -0.07** (0.03) -0.02 (0.02) 0.07* (0.03) -0.02 (0.03)
T=-2 0.02 (0.04) 0.21* (0.08) 0.06* (0.03) 0.08% (0.04)
ATT (T> =0) -0.06 +(0.03) 0.02 (0.04) 0.05 (0.04) -0.10 (0.09)
T=0 -0.06** (0.02) 0.04 (0.04) 0.02 (0.05) -0.04 (0.06)
T=1 -0.04 (0.03) -0.07 (0.10) 0.08* (0.05) -0.02 (0.11)
T=2 -0.08% (0.04) -0.03 (0.05) 0.07 (0.05) -0.07 (0.10)
T=3 -0.11%* (0.05) -0.03 (0.05) 0.08* (0.05) -0.09 (0.12)
T=4 -0.08 (0.06) 0.02 (0.07) 0.09* (0.04) -0.17 (0.12)
T=5 0.01 (0.14) 0.10 (0.11) 0.04 (0.06) -0.31#* (0.12)
T=6 -0.04 (0.12) 0.19 (0.13) -0.23 (0.30) -0.39%* (0.17)
T=7 0.21*** (0.02) 0.05 (0.03) 0.08*** (0.02) -0.20%** (0.03)
N 1769 1549 891 1780

+p<.1,* p<.05, ¥* p<.01, ¥** p<.001. While pre-trend joint test rejects the null hypothesis that all pre-treatment coefficients are 0, the aver-
age deviation across all pre-treatment periods was not statistically significant (pre-intervention average effects). Estimated ATT from the doubly
robust DiD aligns with our main results. However, this method is not preferred owing to our limited sample size in each cohort, while Sun and
Abaham’s (2021) approach is more flexible to combine cohorts with small sample sizes

Table 12 Effect of CLS on
signposting across different time

samples

Post-implementa-  +3 years +4 years +5 years

tion year

CLS (year 0) 0.039 (0.028) 0.038 (0.028) 0.041 (0.028)
CLS (year 1) 0.058 (0.045) 0.061 (0.046) 0.061 (0.047)
CLS (year 2) -0.073 (0.094) -0.071 (0.092) -0.072 (0.092)
CLS (year 3) 0.045 (0.061) -0.042 (0.060) -0.044 (0.059)
CLS (year 4) 0.027 (0.061) 0.026 (0.061)

N, = 1526, R?=0.621 N, = 1547, R?=0.622 N,,,=1557, R*=0.624

+p<.1, ¥ p<.05, *¥* p<.01, ¥*¥* p<.001. Two-way fixed effect estimates for the treatment effect of CLS
on the proportion of non-funded requests signposted to other services for the first four years post-imple-
mentation. Estimates and cluster-robust standard errors are provided for different time samples, including
3,4, and 5 years pre- and post-implementation. The model includes all variables in Table 1 as controls
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Tab.le 13 Effect ,Of CLS on care Post-implementation + 3 years +4 years +5 years
reviews across different time year
samples

CLS (year 0) 0.010 (0.040) 0.011 (0.039) 0.012 (0.039)
CLS (year 1) 0.081+(0.042) 0.084* (0.041) 0.085* (0.041)
CLS (year 2) 0.066 (0.043) 0.066 (0.043) 0.065 (0.043)
CLS (year 3) 0.088* (0.038) 0.088* (0.037) 0.086* (0.037)
CLS (year 4) 0.068+(0.039) 0.0674+(0.039)

Table 14 Effect of CLS on care
expenditure across different
time samples

N,,, =871, R?=0.713 N, =883, R?=0.712 N,,, =888, R?=0.712

+p<.1, * p<.05, ¥* p<.01, ¥** p<.001. Two-way fixed effect estimates for the treatment effect of CLS
on the proportion of total reviews that were planned for the first four years post-implementation. Estimates
and cluster-robust standard errors are provided for different time samples, including 3, 4, and 5 years pre-
and post-implementation. The model includes all variables in Table 1 as controls

Post-implementa-  +3 years +4 years +5 years

tion year

CLS (year 0) 0.023 (0.063) -0.023 (0.063) -0.022 (0.063)
CLS (year 1) -0.008 (0.109) 0.001 (0.110) 0.002 (0.110)
CLS (year 2) -0.016 (0.092) -0.007 (0.090) -0.009 (0.090)
CLS (year 3) 0.040 (0.100) -0.030 (0.097) -0.032 (0.097)

-0.053 (0.092)
N,,,=1774, R*=0.705

CLS (year 4) -0.051 (0.092)

N, = 1740, R?=0.704 N,,,=1764, R?=0.705

+p<.1, * p<.05, ** p<.01, ¥** p<.001. Two-way fixed effect estimates for the treatment effect of CLS
on the log rate of GCE (gross current expenditure) per 1000 residents over 65 years of age for the first
four years post-implementation. Estimates and cluster-robust standard errors are provided for different time
samples, including 3, 4, and 5 years pre- and post-implementation. The model includes all variables in

Table 1 as controls

Acknowledgements This work is funded by the NIHR Applied
Research Collaboration (ARC) National Priorities Programme for
Adult Social Care and Social Work, led by the ARC Kent, Surrey and
Sussex (ARC KSS) and University of Kent (NIHR 201892). This spe-
cific research project is led by the ARC West Midlands (University
of Birmingham), in collaboration with ARC South London (Kings
College London). Collaborating universities receive funding from
the ARC KSS (University of Kent).The views expressed are those of
the author(s) and not necessarily those of the NHS, the NIHR or the
Department of Health and Social Care. The current work was produced
in collaboration with Mike Richardson and colleagues at the National
Developmental Team for Inclusion (NDTI).

Author contributions J.P. wrote the main manuscript and conducted
the analysis. J.F. provided supervision of the project and acquired the
funding. J.F., R.M., and M.T. formulated the overarching research goals
and aims. J.Z. aided with data analysis. All authors reviewed and edited
the manuscript.

Funding The current work was produced in collaboration with Mike
Richardson and colleagues at the National Developmental Team for

Inclusion (NDTTI).

Data availability No datasets were generated or analysed during the
current study.

@ Springer

Declarations
Competing interest The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Abadie A, Athey S, Imbens GW, Wooldridge JM (2022) When should
you adjust standard errors for clustering? Q J Econ 138(1):1-35.
https://doi.org/10.1093/qje/qjac038


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/qje/qjac038

European Journal of Ageing (2025) 22:51

Page150f15 51

Baker AC, Larcker DF, Wang CCY (2022) How much should we trust
staggered difference-in-differences estimates? J Financ Econ
144(2):370-395. https://doi.org/10.1016/].jfineco.2022.01.004

Berge L, Krantz S, McDermott G (2023) fixest: Fast Fixed-Effects
Estimations (0.11.1). https://cran.r-project.org/web/packages/fix-
est/index.html

Breuer E, Lee L, De Silva M, Lund C (2015) Using theory of change
to design and evaluate public health interventions: a system-
atic review. Implement Sci 11(1):63. https://doi.org/10.1186/
s13012-016-0422-6

Brown H, Carrier J, Hayden C, Jennings Y (2017) What works in
community led support? https://www.ndti.org.uk/resources/
what-works-in-community-led-support

Brown H, Carrier J, Hayden C, Harflett N, Mitchell F, Clifford C,
Girling F (2020) CLS evidence and learning briefings 2020.
https://www.ndti.org.uk/research-and-evalution/evaluation/
community-led-support-evidence-learning

Caetano C, Callaway B (2024) Difference-in-Differences when par-
allel trends holds conditional on covariates. ArXiv Preprint
ArXiv: 2406.15288

Caiels J, Milne A, Beadle-Brown J (2021) Strengths-based
approaches in social work and social care: reviewing the evi-
dence. J Long Term Care. https://doi.org/10.31389/jltc.102

Callaway B, Sant’Anna PHC (2021) Difference-in-differences with
multiple time periods. J Econom 225(2):200-230. https://doi.
org/10.1016/j.jeconom.2020.12.001

Cameron AC, Miller DL (2015) A practitioner’s guide to cluster-
robust inference. ] Hum Resour 50(2):317-372. https://doi.org/
10.3368/jhr.50.2.317

Daly M, Westwood S (2018) Asset-based approaches, older peo-
ple and social care: an analysis and critique. Ageing Soc
38(6):1087-1099. https://doi.org/10.1017/S0144686X 17000071

Department of Health and Social Care. (2018). Chief
social worker for adults annual report 2017-2018.
https://www. gov.uk/government/publications/
chief-social-worker-for-adults-annual-report-2017-to-2018

Department of Health and Social Care. (2019). Strengths-based social
work: Practice framework and handbook. https://www.gov.uk/
government/publications/strengths-based-social-work-practice-
framework-and-handbook

NHS Digital. (2022, October 20). Activity and Finance Overview.
Adult Social Care Activity and Finance Report. https://digital.
nhs.uk/data-and-information/publications/statistical/adult-social-
care-activity-and-finance-report/2021-22/activity-and-finance-
overview#top

NHS Digital. (2023). Adult Social Care Activity and Finance Report.
https://digital.nhs.uk/data-and-information/publications/statisti-
cal/adult-social-care-activity-and-finance-report

Drinkwater C, Wildman J, Moffatt S (2019) Social prescribing. BMJ.
https://doi.org/10.1136/bmj.11285

Foot, J., & Hopkins, T. (2010). A glass half full: How an asset approach
can improve community health and well-being. https://www.local.
gov.uk/asset-approach-community-wellbeing-glass-half-full

Gottlieb LN, Gottlieb B (2017) Strengths-based nursing: a process for
implementing a philosophy into practice. J Fam Nurs 23(3):319—
340. https://doi.org/10.1177/1074840717717731

MacKinnon JG, Nielsen M@, Webb MD (2023) Cluster-robust infer-
ence: a guide to empirical practice. J Econom 232(2):272-299.
https://doi.org/10.1016/j.jeconom.2022.04.001

Miller, R., & Whitehead, C. (2015). Inside out and upside down: Com-
munity based approaches to social care prevention in a time of
austerity. https://www.housinglin.org.uk/Topics/type/Inside-out-
and-upside-down-Community-based-approaches-to-social-care-
prevention-in-a-time-of-austerity/

Miller R, Waterman C, Jackson C, Mayrhofer A, Mahesh S, Tingle A,
Toma M, Forder J, Prunty J (2024). Changing culture not just pro-
cess: Community led support in action. https://arc-kss.nihr.ac.uk/
resource-library/545-changing-culture-not-just-process-commu
nity-led-support-in-action/file

Rapp CA, Saleebey D, Sullivan WP (2006). The future of strengths-
based social work. In Advances in social work: Special issue on
the futures of social work (1st ed., Vol. 6, pp. 79-90)

Richardson, M., & Pitts, J. (2023). Valuing Community Led Support:
The economic case for strengths based, community led support.
https://www.ndti.org.uk/report-valuing-community-led-support

Staudt M, Howardw MO, Drake B (2001) The operationalization,
implementation, and effectiveness of the strengths perspective. J
Soc Serv Res 27(3):1-21. https://doi.org/10.1300/J079v27n03_01

Stokes J, Lau Y-S, Kristensen SR, Sutton M (2019) Does pooling
health & social care budgets reduce hospital use and lower costs?
Soc Sci Med 232:382-388. https://doi.org/10.1016/j.socscimed.
2019.05.038

Sun L, Abraham S (2021) Estimating dynamic treatment effects in
event studies with heterogeneous treatment effects. ] Econom
225(2):175-199. https://doi.org/10.1016/j.jeconom.2020.09.006

Thompson CG, Kim RS, Aloe AM, Becker BJ (2017) Extracting the
variance inflation factor and other multicollinearity diagnostics
from typical regression results. Basic Appl Soc Psychol 39(2):81-
90. https://doi.org/10.1080/01973533.2016.1277529

Wing C, Simon K, Bello-Gomez RA (2018) Designing difference in
difference studies: best practices for public health policy research.
Annu Rev Public Health 39(1):453-469. https://doi.org/10.1146/
annurev-publhealth-040617-013507

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1016/j.jfineco.2022.01.004
https://cran.r-project.org/web/packages/fixest/index.html
https://cran.r-project.org/web/packages/fixest/index.html
https://doi.org/10.1186/s13012-016-0422-6
https://doi.org/10.1186/s13012-016-0422-6
https://www.ndti.org.uk/resources/what-works-in-community-led-support
https://www.ndti.org.uk/resources/what-works-in-community-led-support
https://www.ndti.org.uk/research-and-evalution/evaluation/community-led-support-evidence-learning
https://www.ndti.org.uk/research-and-evalution/evaluation/community-led-support-evidence-learning
https://doi.org/10.31389/jltc.102
https://doi.org/10.1016/j.jeconom.2020.12.001
https://doi.org/10.1016/j.jeconom.2020.12.001
https://doi.org/10.3368/jhr.50.2.317
https://doi.org/10.3368/jhr.50.2.317
https://doi.org/10.1017/S0144686X17000071
https://www.gov.uk/government/publications/chief-social-worker-for-adults-annual-report-2017-to-2018
https://www.gov.uk/government/publications/chief-social-worker-for-adults-annual-report-2017-to-2018
https://www.gov.uk/government/publications/strengths-based-social-work-practice-framework-and-handbook
https://www.gov.uk/government/publications/strengths-based-social-work-practice-framework-and-handbook
https://www.gov.uk/government/publications/strengths-based-social-work-practice-framework-and-handbook
https://digital.nhs.uk/data-and-information/publications/statistical/adult-social-care-activity-and-finance-report/2021-22/activity-and-finance-overview#top
https://digital.nhs.uk/data-and-information/publications/statistical/adult-social-care-activity-and-finance-report/2021-22/activity-and-finance-overview#top
https://digital.nhs.uk/data-and-information/publications/statistical/adult-social-care-activity-and-finance-report/2021-22/activity-and-finance-overview#top
https://digital.nhs.uk/data-and-information/publications/statistical/adult-social-care-activity-and-finance-report/2021-22/activity-and-finance-overview#top
https://digital.nhs.uk/data-and-information/publications/statistical/adult-social-care-activity-and-finance-report
https://digital.nhs.uk/data-and-information/publications/statistical/adult-social-care-activity-and-finance-report
https://doi.org/10.1136/bmj.l1285
https://www.local.gov.uk/asset-approach-community-wellbeing-glass-half-full
https://www.local.gov.uk/asset-approach-community-wellbeing-glass-half-full
https://doi.org/10.1177/1074840717717731
https://doi.org/10.1016/j.jeconom.2022.04.001
https://www.housinglin.org.uk/Topics/type/Inside-out-and-upside-down-Community-based-approaches-to-social-care-prevention-in-a-time-of-austerity/
https://www.housinglin.org.uk/Topics/type/Inside-out-and-upside-down-Community-based-approaches-to-social-care-prevention-in-a-time-of-austerity/
https://www.housinglin.org.uk/Topics/type/Inside-out-and-upside-down-Community-based-approaches-to-social-care-prevention-in-a-time-of-austerity/
https://arc-kss.nihr.ac.uk/resource-library/545-changing-culture-not-just-process-community-led-support-in-action/file
https://arc-kss.nihr.ac.uk/resource-library/545-changing-culture-not-just-process-community-led-support-in-action/file
https://arc-kss.nihr.ac.uk/resource-library/545-changing-culture-not-just-process-community-led-support-in-action/file
https://www.ndti.org.uk/report-valuing-community-led-support
https://doi.org/10.1300/J079v27n03_01
https://doi.org/10.1016/j.socscimed.2019.05.038
https://doi.org/10.1016/j.socscimed.2019.05.038
https://doi.org/10.1016/j.jeconom.2020.09.006
https://doi.org/10.1080/01973533.2016.1277529
https://doi.org/10.1146/annurev-publhealth-040617-013507
https://doi.org/10.1146/annurev-publhealth-040617-013507

