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Abstract

In England, administrative data on children’s needs are recorded following a social
work assessment. These data are typically used to understand prevalence of individual
risk factors and to inform processes, such as the work of local safeguarding partners
and multi-agency services. However, reporting individual factors at assessment cannot
capture the complexity and heterogeneity of multiple and overlapping needs. This
study aimed to identify common types of demand, via a limited number of clusters,
using the factors recorded in a national data-set of over 4.2 million assessments car-
ried out between 2014 and 2021, of which 3.6 million had at least one factor
recorded. Latent class analysis was used to identify twelve distinct categories of de-
mand for children’s social care services, which were consistent across local authorities.
Conditional probabilities were used to interpret the demand represented by each cat-
egory, in consultation with stakeholders. The most prevalent category was domestic
abuse and violence (19.7 per cent), followed by complexities around parental mental
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health (18.4 per cent). Other categories included disability, child mental health, risks
outside the home, complex domestic abuse and concerns about another person in the
family or household. This article examines some of the operational and planning
implications of categorising demand in this way.

Keywords: children’s social care, demand, latent class analysis, quantitative analysis,
risk factors

Accepted: May 2023

Introduction

Children’s social care (CSC) denotes a range of services for children and
families, including children’s centres, family help, safeguarding and serv-
ices for children in care. In England, they are mainly provided by local
authorities (LAs), which are the country’s primary layer of local govern-
ment, although voluntary and private sector providers play an important
role. This article predominantly concerns statutory CSC services, which
incorporates social work assessments, direct work, case management,
family support, investigation and protective interventions. A set of opera-
tional and legal thresholds determine eligibility for support. Initial con-
tact with CSC services begins with a referral, either from the community
or from universal services such as schools or the police. Referrals that
have gone through initial stages of contact and screening proceed to an
assessment, which is carried out by a social worker. These assessments
establish the main presenting issues, analyse their impact on the child in
the context of the family and social environment and make recommenda-
tions for support to address the child’s needs. Some children who receive
an assessment are deemed ineligible for statutory social care provision
but may be signposted for other types of support and assistance, which
are collectively known as ‘Early Help’ (Lucas and Archard, 2021). Those
who are eligible receive services as ‘children in need” (CIN), which also
includes a minority of children who are subject to child protection (CP)
plans. Children who are accommodated in care, either as a consensual
arrangement with parents or under a court order, are termed children
looked after.

The tiered system of CSC means that conventional measures of de-
mand often focus on the quantity of work undertaken at different thresh-
olds of provision. For example, a LA might monitor the data it collects
on numbers of referrals or CP plans over the course of a year, but this
type of quantity indicator does not specify the problems that services are
being asked to address. Information about the child’s needs, the parent’s
ability to meet those needs and the impact of wider family and
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environmental factors are recorded in children’s social work assessments.
This information is collected as a checklist of forty risk factors, any num-
ber of which can be recorded in a single assessment. The intended pur-
pose for collecting this data is to help facilitate analysis and service
planning (Department for Education [DfE], 2020). Typically, the assess-
ment data are used to look at frequency, and trends of frequency, which
can then be used to inform other processes, such as the work of local
safeguarding partners. For example, domestic abuse and substance mis-
use are factors that may have an impact on services needed (including
multi-agency services).

One problem with reporting the frequency of single factors is that so-
cial workers often identify multiple and overlapping needs. Because data
on co-occurrence are not reported, overly simplistic labels can emerge
that are poorly aligned with the lived experience of children and families
and do not accurately reflect the variety of demand. One example is the
term ‘toxic trio’, often used to describe the co-occurrence of domestic vi-
olence (DV), substance misuse and mental health problems in situations
where there is a high risk of child maltreatment (Skinner et al., 2021).
The term originally emerged from a meta-analysis of case reviews of seri-
ous injuries and deaths from child abuse (Brandon, 2009). However, it
has since become used as a rather stigmatising label in CP work, even
though evidence suggests it is not an accurate way of describing the
problems being addressed (Hood et al, 2021; Skinner et al, 2021).
Similarly, domestic abuse is a widespread social problem and a major
reason for children receiving protective services (Peckover, 2014; Stewart
and Arnull, 2023). However, this is also a very complex problem that
does not lend itself to universalising frameworks and cannot be ade-
quately captured in a single ‘DV’ category (Ferguson et al., 2020).

Plainly, it would be impossible to consider every single possible set of
combinations of factors. Even if only ten unique risks and needs were
considered, this would amount to more than a thousand unique combina-
tions and this number grows exponentially as more factors are intro-
duced. It would also be inappropriate to assume that factors co-occur in
individual cases in the same proportions as they occur in the entire popu-
lation of children assessed. For example, although concerns about DV
and concerns about parental mental health are the most common factors
identified in social work assessments (DfE, 2022), it does not automati-
cally follow that they are also the two most likely to co-occur in any
given case—their frequencies in the population could equally result from
many cases where only one or the other is present as from a smaller
number of cases where both are present. A nuanced, data-driven model
is needed to navigate this complexity and derive an empirically sup-
ported set of assessment categories.

Classification-based analysis, or cluster analysis, can be used to identify
distinct, homogenous and hidden sub-groups within a population (Bailey,
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1994). This type of process aims to divide a heterogeneous population
into parsimonious and relatively homogenous groups (Yan et al, 2018).
Approaches to classification can be consensus-based or data-driven. In
the former, panels of experts will define the criteria for categorising indi-
viduals, usually based on their experience and review of the literature. In
data-driven approaches, statistical clustering techniques are applied to a
population data-set, although experts may also contribute to interpreting
the results. The resulting categories are designed to be mutually exclu-
sive (individuals can only belong to one category at any point in time)
and to be informative about the population as a whole. Latent class
analysis (LCA) is one technique that can be used to detect sub-groups in
a population based on patterns of association between multiple indicators
(Hagenaars and McCutcheon, 2002).

A recent systematic review identified a number of studies where LCA
has been used to identify different types of maltreatment (Rivera et al,
2018). The review also highlighted the growing consensus that social
work research must approach maltreatment as a multidimensional con-
struct. In the USA, LCA has been used to classify maltreatment accord-
ing to the timing, duration and co-occurrence of abuse types (Ziobrowski
et al., 2020), and to describe associations between childhood sexual abuse
and substance abuse in adolescence (Shin et al., 2010). In Canada, LCA
has been used to identify patterns of child maltreatment and psychiatric
disorders amongst pregnant adolescents (Romano et al, 2006). In
Denmark, LCA has been used to identify abuse typologies based on
interviews with individuals who had been previously identified as CP
cases (Armour ef al., 2014). To date, there have been few attempts to
empirically classify demand for social care in England, except for a study
carried out by Hood et al. (2021) based on a small sample of six LAs,
which identified seven latent classes using the factors identified at social
work assessments. The research described here aimed to extend this type
of analysis to the national data-sets on CIN, which include all children
referred to, and assessed by, CSC in England.

Methods
Ethics, data source and study population

The study was designed as a secondary analysis of longitudinal, adminis-
trative data from the CIN Census, which is a data-set of all children aged
0-17 referred to social care services in England. The data include indi-
vidual case-level information on the assessed needs of children and
whether they received social care support. Data were drawn from the
population of all children who received a social work assessment over a
7-year period (2014-2021). All LAs (n=152) are required to submit
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their data annually to central government, using the Department for
Education (DfE) online data collection portal (DfE, 2020). The CIN
Census is controlled by the DfE and an extract is held by Ofsted, the in-
spectorate for CSC. The study conformed to internationally accepted
ethical guidelines, and was reviewed by the Research Ethics Committee
of Kingston University. Research governance approvals were obtained
from both the DfE and Ofsted. Access to the anonymised data was via
an encrypted Ofsted computer so that all data storage and processing
remained within the Ofsted secure environment.

Factors at assessment

The factors identified at the end of assessment are the factors that social
workers record as being relevant in a case. The framework for an assess-
ment covers three domains: the child’s developmental needs, the parents’
or caregivers’ capacities to respond appropriately and the wider family
and environmental factors (DfE, 2018). The factors are selected from a
checklist, which is broadly consistent over time. This checklist incorpo-
rates risks inside the home (e.g. DV), risks outside the home (e.g. con-
cerns about anti-social behaviour), different types of abuse (e.g.
emotional, physical and sexual abuse) and other indicators concerning
the child’s health and well-being (e.g. self-harm). In some instances, no
factors are recorded, but this has changed over time as LAs are encour-
aged to record all potentially relevant factors; in the year ending 2021,
86.3 per cent of assessments had at least one factor recorded, compared
with 80.2 per cent in the year ending 2015 (the first year in which factors
data were collected). In total, the data-set comprised over 4.3 million
assessments, of which 3.6 million (84 per cent) had at least one factor
recorded. A range of descriptive statistics on the recording of factors and
characteristics of children receiving assessments is provided in the
Supplementary Information. Of all assessments that had at least one fac-
tor recorded, the average number of factors was 2.8 in the year ending
2021, up from 2.5 in the year ending 2015. The number of distinct combi-
nations of factors found in the data was very large
(n=134,058).involvement

Brief introduction to LCA

LCA aims to identify mutually exclusive and distinct sub-groups within a
population based on patterns of responses in observed variables
(Hagenaars and McCutcheon, 2002). The purpose of LCA is to derive a
categorical variable that cannot be directly observed, but can be inferred
from a combination of ‘indicator variables’, which can be observed. A
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latent class model estimates two main sets of parameters: the latent class
frequency, which is the estimated probability that individuals belong to a
particular latent class, and the conditional item probabilities (sometimes
called ‘indicator probabilities’), which describe the relationships between
observable indicator variables and a finite number of latent class clusters.
These probabilities are estimated via a process of iteration and conver-
gence using maximum-likelihood estimation (McCutcheon, 1987). There
are three main stages to carrying out a latent class model: first, the indi-
cators to be included in the model must be selected, second, the number
of latent classes must be chosen and last, the validity and reliability of
the model must be assessed to ensure the model accurately represents
the data. At each step, ‘fit indices’ can be used to inform the process of
identifying an appropriate model (Nylund et al., 2007).

Selecting indicators for LCA

All assessments with at least one factor recorded were included in the
model. The relevant code set can be found in government guidance to
LAs (DfE, 2020, p. 42). As of 2021, there were forty-two factors
recorded at assessment. Assessments with no factors recorded and assess-
ments where the factor recorded was ‘no factors identified’ (code 21)
were excluded from the LCA as, by definition, they would form mutually
exclusive classes on their own. Prior to 2017, the privately fostered fac-
tors (codes 8B, 8C, 8D, 8E and 8F) were grouped as a single factor
(code 8), so these codes were grouped together in later years to be con-
sistent with the earlier years. In 2017, two new factors were introduced:
‘Female genital mutilation’ and ‘abuse linked to faith or belief’. Different
models excluding these factors were carried out as part of reliability test-
ing. The decision was taken to include them in the final LCA as they did
not change the interpretation of the latent classes. In 2020, the factors on
physical abuse and sexual abuse were split out into ‘child on child physi-
cal abuse’ (code 18a) and ‘child on child sexual abuse’ (code 19a), as
well as ‘adult on child physical abuse’ (18b) and #adult on child sexual
abuse’ (code 19b). These were grouped together as single factors for
physical abuse and sexual abuse in order to be consistent with earlier
years. Given the size of the data-set it was not deemed necessary to ex-
clude or group together factors further on the basis of low numbers. One
of the most problematic factors was ‘other’ (code 20), as there is no uni-
versally agreed usage for the ‘other’ factor and no guidance on when it
should be reported. This results in wide-ranging (potentially contradic-
tory) interpretations by social workers, making it practically impossible
to give it any substantive meaning. It was decided not to include ‘other’
in the LCA model. For completeness, assessments where only ‘other’
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was recorded (n=470,169) are incorporated as an additional ‘known’
class after model estimation and reported for later analysis.

Choosing the optimum number of latent classes

Models were calculated with one—forty latent classes and statistical out-
puts were compared across the models. Goodness-of-fit statistics were
calculated for each model, which included the Bayesian information cri-
terion (BIC) and Akaike information criterion (AIC). Lower BIC and
AIC values indicate a better fit. However, it is not uncommon that BIC
and AIC scores continue to decrease for each additional class added, es-
pecially when the number of cases in a data-set is large. Elbow plots can
also be used to seek a point of inflection or plateauing in the AIC and
BIC scores in order to decide on an empirically supported number of
classes (Nylund et al., 2007). The entropy (R?), a measure of class sepa-
ration (which ranges from 0 to 1), was also calculated for each model
(Celeux and Soromenho, 1996). Low entropy indicates less distinction
between latent classes and high entropy indicates more precision in class
membership. To select the most appropriate number of classes, the BIC,
AIC and entropy were compared and contrasted along with the class
membership probability and conditional item probabilities. The latent
classes were then characterised based on the conditional item probabili-
ties, which is the probability of each factor being recorded in each class.

Assessing the validity of latent class model

A range of sensitivity analyses were carried out to ensure that the find-
ings were robust. Given the large number of cases and indicators, it was
important to check that the maximum-likelihood solutions were identi-
fied across all models (increasing the iteration limits if necessary). Multi-
group invariance models were carried out to test whether the same latent
class solution could be applied equally across different LAs and across
different years. This was achieved by comparing the BIC and AIC values
of invariant and configural multi-group models (Kankaras et al., 2012).
In the invariant models, the latent class loadings are fixed to be equal
across groups (homogeneity is assumed). In the configural models, they
are allowed to be freely estimated across groups (heterogeneity is as-
sumed). If the BIC and AIC values are lower in the invariant models
then the homogeneity restrictions are supported by the data which
implies that the latent class solution can be applied in the same way
across all groups. Only LAs whose boundaries were consistent between
2014 and 2021 were included in the invariant analysis (n=147). Since
some children may have multiple assessments as part of a CSC episode
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and some children may have multiple CIN episodes, additional sensitivity
analysis was carried out to compare first ‘known’ assessments separately
with subsequent assessments (for children who had multiple assess-
ments). The LCA categories were not found to be substantively different
in the two groups (i.e. the same eleven-class LCA solution emerged for
both groups).

All latent class models were estimated using LatentGOLD version 6.0.
Included in the Supplementary Appendix is R and SPSS code that can
be used to classify new observations based on the latent class model
used in this article. This might be useful for LAs who wish to apply this
same model to their administrative data or to carry out latent class
modelling of their own.

Stakeholder consultation

The results of the LCA were shared with a range of stakeholders in or-
der to help the research team define and interpret the categories, partic-
ularly those consisting of multiple complex needs. Consultation took the
form of separate online meetings with five different stakeholder groups:
parents with lived experience of CSC services (n=15); young people with
lived experience of CSC services (n = 6), practitioners and team mangers
in CSC (n=5), senior managers and administrators in CSC (n=3) and
managers of LA data and performance teams (n=6). The parents’ and
young people’s groups were arranged as part of NCB’s ongoing research
involving experts by experience. Practitioners, managers and data teams
were approached through the research team’s professional networks and
the Developing Together Social Work Teaching partnership, which cov-
ers Southwest London and Surrey. Stakeholders were provided with a
summary of the findings in advance. Meetings focused on the labelling of
categories, their relevance to people’s experience of receiving or provid-
ing services and any gaps or limitations in relation to specific areas of
need. Feedback from these meetings was used to refine the interpreta-
tion of categories and was incorporated into the findings reported below.

Findings
Sample characteristics

Overall, there were 4.2 million assessments carried out between 2014
and 2021, of which 3.6 million (84 per cent) had at least one factor
recorded. Following the data cleaning process, and unifying codes to be
consistent across years, there were thirty-four factors in total. Appendix
tables showing the frequencies of factors recorded and other
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characteristics of children whose assessments were completed between
2014 and 2021 can be found in the Supplementary Material. All factors
were included as indicators in the LCA model except for ‘other’.
Assessments where only ‘other’ was recorded (n=470,169) were in-
cluded as a ‘known class’, and reported for later analysis.

Results of the LCA

The goodness-of-fit indices did not point to a definitive number of classes
as the best representation of the data, which was to be expected given
the large number of assessments in the data. Relative decreases in the
BIC and AIC scores appeared to level off after the ten-class model, as
shown in Figure 1. Comparisons of these fit indices suggest that BIC is
the most reliable fit statistic (Nylund et al., 2007). Plateauing of the BIC
elbow occurred around this point (indicating a point of ‘diminishing
returns’). The entropy value (indicating that the classes were distinct
from each other) was higher in the eleven-class model (0.74) compared
with models with five-ten classes (closer to 0.70). The eleven-class model
was therefore selected as the most appropriate model for the data. The
model was robust in a range of sensitivity analyses (e.g. it was reproduc-
ible across different years), whilst a qualitative assessment of the pattern
of conditional probabilities indicated good intra-class homogeneity and

58,000,000 0.5%
0.0%
56,000,000
-0.5%
54,000,000 1.0%
Q
-1.5% @0
52,000,000 =
[«3] oy
= -2.0% O
% 50,000,000 =
L) -25% <
o (]
48,000,000 -3.0%
-3.5%
46,000,000
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44,000,000 -4.5%

1 3 5 7 9 11 13 1517 19 21 23 25 27 29 31 33 35 37 39
Number of clusters

—BIC score BIC % change (2nd axis)

Figure 1: Goodness-of-fit statistics for latent class models examining the factors identified at
CSC assessments.
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interclass heterogeneity (e.g. fewer very similar classes in context). Each
of the eleven classes were interpretable and could be characterised by
the research team and by stakeholders, and few felt like duplications of
the others. An appendix table showing goodness-of-fit statistics for all
the latent class models estimated can be found in the Supplementary
Material.

Results from the invariance tests showed that BIC and AIC values
were lower in the restricted multi-group models where homogeneity be-
tween LAs is assumed (BIC, 44,980,199; AIC, 44,955,543) and where ho-
mogeneity between years was assumed (BIC, 45466,630; AIC,
45,461,020). This implied that the latent class solution can be applied in
the same way across different LAs and across different years. The results
were sense-checked with sub-group analysis; the classes were substan-
tively similar in a model conducted on 2020/21 assessments (the years af-
fected by the Covid-19 pandemic) compared with a model conducted on
all other assessments, and substantively similar in randomly selected
LAs. A table showing the full results of invariance testing can be found
in the Supplementary Information.

Types of demand in CSC

The frequency of each of the eleven latent classes in the national data-
set is shown in Figure 2; a twelfth category constituted of the 470,169
assessments in which only ‘other’ is also included (not estimated in the
latent class model). The features of each class are discussed below with
reference to the conditional probabilities which load onto each of the
thirty-four possible factors. These refer to likelihood of each factor being
recorded in an assessment assigned to the latent class. For example,
there was a 75 per cent probability of concerns about the child’s parents
or carers being subject to DV, and a 30 per cent probability of DV

Domestic Complexities  Disabllity Risksoutside  Complex Child'smental Physical ~ Neglect ~ Concerns Sexualabuse Risksinand  Other
sbuseand  around thehome  domestic  health abuse about anather outside the
viclence  parental abuse / risks person in the home
mental health at home family or
(CDA/RaH) household

800,000

700,000

600,000

500,000

400,000

300,000

200,000

100,000

0

Figure 2: Bar chart showing the frequency of eleven latent classes + ‘other’ (twelve categories
in total).
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directed towards the child, being recorded in the ‘domestic abuse and vi-
olence’ (DAYV) class. The conditional probabilities associated with each
class are presented in Table 1. The labelling and interpretation of catego-
ries was carried out in consultation with stakeholders.

(1) Domestic abuse and violence

Domestic abuse and violence was the most common latent class, or cate-
gory of demand, being assigned to a fifth of all cases. Social workers
may select from three types of domestic violence (DV), depending on
whether the person subject to abuse and violence is the parent/carer, the
child or another person in the household. This category was character-
ised mainly by concerns about the child’s parent or carer being subject
to DV, which had a 75 per cent conditional probability. There was also a
30 per cent likelihood of cncerns about the child being subject to DV
and a 25 per cent likelihood of emotional abuse being assessed. The cat-
egory was initially labelled ‘Domestic violence’ to reflect the terminology
used in the statutory guidance. However, consultation with stakeholders
suggested that ‘Domestic abuse and violence’ was a more appropriate
term for capturing the complexity of problems experienced in this area.
Stakeholders expressed the view that the concept of domestic abuse bet-
ter captures the range of physical, psychological, emotional and economic
harm inflicted by abusive relationships, which includes witnessing the ill-
treatment of others.

(2) Complexities around parental mental health

Complexities around parental mental health was the second most preva-
lent category, assigned to 18.4 per cent of cases. It was characterised
mainly by the assessment of concerns about parental mental health, often
in combination with concerns about parental drug or alcohol misuse, and
sometimes in combination with DV. In addition, there was a 23 per cent
likelihood of neglect and 20 per cent likelihood of emotional abuse being
recorded within this category. The category was initially labelled ‘com-
plex parental mental health’ to reflect the high likelihood of parental
mental health being assessed with other factors. However, stakeholders
suggested that this might lead people to understand that parents had
been diagnosed with a complex mental health condition. This could be
problematic for two reasons—f{irst, in implying that it is the mental
health issue itself that is complex, rather than their being other factors—
and second, in implying that the parent had been assessed and supported
by a mental health professional.
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Table 1. Conditional probabilities of factors estimated in the eleven-class latent class model (plus ‘other’)

Latent classes 1. 2. 3. 4, 5. 6. 7. 8. 9. 10. 11. 12.
Indicators DAV  Complexities Disability Risks Complex Child’s  Physical Neglect Sexual Concerns Risks in Known

around outside  domestic mental abuse abuse about and outside class

parental the abuse/risks  health another the home (‘other’)

mental home at home person in the

health family or

household

Prevalence of categories 20% 18% 9% 7% 7% 6% 6% 4% 3% 3% 2% 13%
Child’s alcohol misuse 1% 1% 0% 7% 2% 3% 0% 0% 0% 7% 39% -
Parent’s alcohol misuse 14% 32% 2% 2% 38% 5% 1% 1% 1% 37% 25% -
Another’s alcohol misuse 2% 1% 0% 0% 1% 0% 0% 0% 0% 45% 5% -
Child’'s drug misuse 1% 1% 0% 22% 4% 7% 0% 0% 0% 10% 64% -
Parent’s drug misuse 6% 36% 2% 4% 38% 2% 1% 4% 0% 38% 26% -
Another’s drug misuse 1% 3% 1% 2% 2% 0% 0% 1% 0% 52% 9% -
DV (child) 30% 2% 1% 4% 39% 8% 1% 0% 0% 40% 33% -
DV (parent) 75% 39% 5% 3% 77% 9% 0% 0% 1% 74% 38% -
DV (another) 11% 1% 2% 1% 8% 1% 0% 0% 0% 66% 10% -
Child's mental health 2% 3% 10% 12% 24% 84% 2% 0% 1% 19% 63% -
Parent’s mental health 14% 57% 26% 4% 70% 36% 5% 7% 4% 55% 46% -
Another’s mental health 2% 2% 6% 1% 4% 5% 0% 0% 1% 46% 8% -
Child’s learning disability 2% 2% 49% 5% 12% 14% 2% 0% 2% 7% 18% -
Parent’s learning disability 0% 3% 9% 0% 10% 1% 1% 3% 1% 5% 5% -
Another’s learning disability 0% 0% 7% 0% 2% 1% 0% 0% 0% 6% 3% -
Child’s physical disability 1% 1% 30% 1% 7% 5% 1% 1% 0% 4% 7% -
Parent’s physical disability 1% 5% 16% 1% 11% 7% 1% 1% 1% 7% 12% -
Another’s physical disability 0% 0% 5% 0% 2% 1% 0% 0% 0% 5% 3% -
Young carer 0% 3% 8% 0% 13% 7% 0% 0% 0% 7% 12% -

(continued)
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Table 1. (continued)

Latent classes 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12.
Indicators DAV  Complexities Disability Risks Complex Child's  Physical Neglect Sexual Concerns Risks in Known

around outside domestic mental abuse abuse about and outside class

parental the abuse/risks  health another the home (‘other’)

mental home at home person in the

health family or

household

Prevalence of categories 20% 18% 9% 7% 7% 6% 6% 4% 3% 3% 2% 13%
Privately fostered 0% 0% 0% 2% 1% 0% 0% 0% 0% 1% 2% -
UASC 0% 0% 0% 7% 0% 0% 0% 0% 0% 0% 1% -
Going/being missing 0% 0% 0% 16% 2% 5% 0% 0% 0% 1% 49% -
Child sexual exploitation 0% 0% 2% 20% 2% 8% 0% 0% 6% 2% 43% -
Trafficking 0% 0% 0% 3% 0% 0% 0% 0% 0% 0% 5% -
Gangs 0% 0% 0% 14% 1% 0% 0% 0% 0% 1% 25% -
Soc. unacc. behaviour 2% 2% 7% 39% 9% 14% 2% 2% 2% 9% 61% -
Self-harm 0% 0% 2% 4% 7% 36% 1% 0% 1% 4% 38% -
Neglect 4% 23% 11% 6% 53% 9% 9% 100% 3% 38% 39% -
Emotional abuse 25% 20% 5% 5% 81% 16% 20% 8% 6% 51% 44% -
Physical abuse 10% 2% 3% 2% 44% 7% 100% 0% 0% 22% 23% -
Sexual abuse 1% 1% 3% 3% 8% 7% 3% 2% 100% 4% 17% -
FGM 0% 0% 0% 1% 0% 0% 0% 0% 0% 0% 0% -
Faith/belief 0% 0% 0% 1% 1% 0% 0% 0% 0% 0% 0% -
Other - - - - - - - - - - - 100%
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(3) Disability

The disability category was assigned to just over 9 per cent of assess-
ments. It was mainly constituted by children with disabilities but also in-
cluded some children who were not recorded as having a disability
themselves but had parents with a disability and/or mental health prob-
lems. The most likely factor to be recorded was concerns about the
child’s learning disability, followed by concerns about a physical disability
or illness of the child. Stakeholders reflected on the differing definitions
and terms used around childhood disability. Although social care legisla-
tion defines all disabled children as being CIN, not all children who re-
ceive support in school for their special educational needs and/or
disability will receive a social care assessment. Stakeholders also sug-
gested that young people with an autistic spectrum disorder may be sub-
ject to risks around their mental health and extra-familial harm (EFH),
whilst not always having their condition recognised by social care
services.

(4) Risks outside the home

Risks outside the home accounted for 6.8 per cent of assessments. This
category was characterised by concerns about children’s risk-taking be-
haviour and vulnerability to criminal and sexual exploitation outside the
home. The category was not dominated by a single factor, with socially
unacceptable behaviour, child’s drug misuse and child sexual exploitation
amongst the most likely to be assessed. The category was originally
labelled as ‘vulnerable young person’, partly to overcome the child-
blaming connotations of socially unacceptable behaviour or gang involve-
ment but instead emphasise risks to the welfare of (usually older)
children in this group. However, consultation with stakeholders raised
the issue that effectively all the categories were about vulnerable chil-
dren and young people, not just this one. Consideration was given to
‘Extra-familial harm (EFH)’, which is a professional term used in
England to describe abuse and exploitation of children occurring outside
of the family system. In the end, ‘risks outside the family home’ was pre-
ferred as a broader label that also offered a way of distinguishing be-
tween this group and another category where EFH was also a concern.

(5) Complex domestic abuse/risks at home

The complex domestic abuse/risks at home category was assigned to
7.2 per cent of assessments. It was defined by a combination of risks to
the child’s welfare at home, the most likely being DAYV, often in combi-
nation with parental mental health problems and sometimes with paren-
tal substance misuse. There was a very high likelihood of concerns about
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emotional abuse and a strong chance of neglect and physical abuse being
assessed in these cases. The range of possible concerns made labelling
and interpreting this category quite difficult. Initially, the term ‘complex
domestic abuse and violence’ was used as a way of acknowledging the
frequent identification of DV in these cases whilst drawing a distinction
with the other main DV category. In consultation with stakeholders, it
seemed important to highlight the wider breadth of risks and the signifi-
cant risk of maltreatment in these cases, whilst also pointing to the con-
trast with the EFH categories identified elsewhere.

(6) Child’s mental health

Child’s mental health was characterised by concerns about the mental
health of the child, sometimes in combination with suspected or actual
self-harm, or with concerns about the parent’s mental health. Concerns
about emotional abuse or the child’s learning disability were also identi-
fied in some cases. Stakeholders did not raise the same concerns with
the reference to ‘mental health’ in this category as they did with those
relating to parental mental health. However, it should not be assumed
that children in this category have received a clinical diagnosis or treat-
ment for their mental health.

(7-9) Physical abuse, neglect and sexual abuse

Three categories were characterised almost entirely by a single factor of
abuse or neglect. Physical abuse was the most prevalent of these, ac-
counting for 6.1 per cent of assessments. There was a 20 per cent proba-
bility of emotional abuse co-occurring with physical abuse in these cases.
The neglect category accounted for 4.4 per cent of assessments, in which
it was generally the only factor recorded. Finally, the sexual abuse cate-
gory accounted for 3.5 per cent of assessments, in which it was generally
the only factor recorded.

(10) Concerns about another person in the family or household

Concerns about another person in the family or household accounted for
just over 3 per cent of assessments. It was characterised by the co-
occurrence of parental risk factors with concerns about another person
in the family or household. The most likely factors to be identified were
DV and mental health problems, along with concerns about drug or alco-
hol misuse. The risk of emotional abuse or neglect was also likely to be
assessed in these cases. Stakeholders suggested that it would be impor-
tant to clarify that concerns could be about someone who is effectively
part of the child’s family (e.g. parents’ partners, siblings and other
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relatives who provide care to the child) as well as any unrelated people
who may be in the same dwelling (e.g. lodgers, other adults in emer-
gency accommodation). Whilst these two potential categories of person
are not explicitly mentioned in the relevant factors at assessment, stake-
holders suggested that this was an important distinction in terms of un-
derstanding and managing the risk to the child.

(11) Risks in and outside the home

Risks in and outside the home were the least prevalent category,
assigned to 2.4 per cent of assessments. It was defined by a combination
of concerns about EFH alongside problems within the family home. Key
combinations included the child’s own needs (e.g. substance misuse and
mental health), behavioural issues (e.g. going/being missing), concerns
about criminal exploitation (e.g. CSE and gang involvement) together
with concerns about domestic abuse, emotional abuse and/or neglect.
The category was originally labelled ‘Extra-familial harm’ but after con-
sultation it was felt important to acknowledge the presence of problems
inside the family home in many of these cases.

(12) Other

The ‘other’ category was assigned to assessments where ‘other’ was the
only factor recorded. It accounted for 13.1 per cent of assessments. They
were not included in the LCA so there are no conditional probabilities
or probability means to report. This category naturally presents problems
of interpretation because it contains no information about need, other
than that the social worker completing the assessment apparently consid-
ered none of the other listed factors to be relevant. Consultation with
practitioners and managers about the reasons for this suggested that time
pressures on social workers could play a role, as could organisational cul-
ture and practices around data and reporting. For example, in some
LAs, it is the convention to report a single factor rather than several dif-
ferent ones, making it more likely that ‘other’ will be selected in complex
cases where there are multiple needs.

Discussion

The findings show that it is possible to categorise demand for CSC in
England using the factors identified in social work assessments.
Quantitative analysis of a large national data-set yielded twelve latent
classes that were found consistently both over time and across different
LAs. These classes broadly resemble those described in Hood et al’s
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(2021) study of assessments in six LAs. However, the size of the data-set
led to more differentiation, including distinctive categories in relation to
EFH, domestic abuse, and risks from other members of the household.
Services wishing to study their own demand using these categories are
welcome to use the template and code made available in the
Supplementary Material to this article. There are potential applications
for operational and planning purposes, as well as for understanding how
risk and need are conceptualised and acted on by children’s services.
Equally, the study raises questions about whether this is the right way to
categorise demand, whether assessments are recording the right things
and what other measures might provide for other kinds of valuable
insight.

Before discussing these issues, it is worth pointing out some limitations
with the methodology itself. First, whilst the LCA procedure is transpar-
ent and replicable, interpretation is involved in selecting the class solu-
tion (i.e. the number of categories) and in describing the factor
combinations. This is one reason why we wanted to consult with stake-
holders on the initial findings and to highlight some of the choices in-
volved in labelling the categories. Second, there are well-known issues
with data quality in this area, such as inconsistency in whether and how
many factors are recorded by different workers or in different areas. The
validity and reliability of the factors, e.g. whether social workers have
similar issues in mind when they record a particular factor, or whether
they would record factors for similar cases in the same way, have not
been verified in the same way as they would be for a psychometric ques-
tionnaire. Third, the administrative data cannot provide the same holistic
picture of children and their needs that is contained in written reports
and case histories. It is important to bear in mind that every child’s situa-
tion is unique and may not be adequately represented by factors selected
from a checklist. Moreover, further work is needed to examine questions
that lay beyond the scope of this article, such as the relationship between
demand categories and intervention pathways after assessment, or the
analysis of repeat assessments.

With these limitations in mind, there are nonetheless benefits to exam-
ining demand for CSC through the lens of administrative data on assess-
ments. Since these categories derive from the risk factors identified by
social workers, they are explicitly linked to the professional and institu-
tional priorities of child welfare agencies. As Hood er al. (2021) point
out, this makes them a valuable evidence-based tool for planning and de-
signing services. Unlike aggregate figures on provision, they are informa-
tive about the range of problems that agencies are required to address.
In contrast to crude labels such as the ‘toxic trio’, they are also sensitive
to the multiplicity of needs experienced by children whilst offering a de-
gree of nuance and differentiation. This is particularly apparent in rela-
tion to DAV. In our consultation with social workers, DAV was
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discussed as one of many factors (albeit the most prevalent one) driving
a variety of demand, although the experience of child welfare professio-
nals is that DAV often constitutes the bulk of their workload. Previous
work (Hood ef al., 2021) suggests that cases of multiple complex needs,
in which DAYV is a significant component, are more likely to proceed to
CP and accommodation in care, and so occupy more of social workers’
time and attention. It may also be that where DAV co-exists with other
factors, such as parental mental health problems, practitioners will attach
more salience to the former as a source of harm. Nonetheless, our analy-
sis reinforces the view that DAYV in child welfare is a complex phenome-
non that does not lend itself to one-size-fits-all frameworks of assessment
and response (Ferguson et al., 2020), and that the basis for operational
judgements, e.g. about the severity and likelihood of harm, needs to be
better understood.

The findings also point to some interesting distinctions in relation to
EFH. This is a major area of concern for CSC services in England, due to
increased awareness of child criminal and sexual exploitation, regulatory
scrutiny following a series of scandals and the high cost of specialist care
placements for adolescents with complex needs (Wroe and Lloyd, 2020). In
response, agencies have found it necessary to adapt conventional CP proce-
dures, which tend to focus on harm within the family system, in order to ad-
dress a broader range of influences on children’s development and safety—
an approach sometimes termed ‘contextual safeguarding’ (Firmin, 2020).
The findings from this study suggest that assessments in this area fall into
two main categories: one in which risks are perceived to be entirely outside
the home and another (less prevalent) group in which these risks are com-
bined with factors within the family. This is likely to be down to a combina-
tion of assessment practices as well as children’s profile and situation. For
example, cases in the first category might include children and young people
who are considered to be ‘beyond parental control’, leading practitioners to
focus on their peer relationships and activities in the community. The sec-
ond category might include children and young people whose vulnerability
to exploitation and abuse outside of the home arises in the context of a
problematic home life. However, this kind of contrast is troubling because it
raises the question of whether some children are more likely to be viewed
exclusively through the lens of child criminal exploitation or gang involve-
ment, and as putting themselves at risk, whilst others receive a more holistic
appraisal of their situation. Recent research into adultification in child safe-
guarding suggests that racial and ethnic biases may play into such distinc-
tions (Davis and Marsh, 2020). It is also possible that cases that are initially
treated as being about ‘risks outside the home’ become subject to more
comprehensive assessment of children’s family life when they are referred
multiple times to CSC services. By implication, ongoing efforts to tackle
EFH will require sensitivity to the variety of demand, perseverance with the
creative and innovative aspects of contextual safeguarding and attention to
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the underlying drivers of demand. Universalising frameworks, on the other
hand, run the risk of encouraging procedural approaches to assessment and
intervention, which will not address the complexity of the work and may re-
produce inequalities in provision.

The examples of DAV and EFH highlight the importance of being
able to validate the relative frequency of certain combinations of factors,
for example, when designing (or justifying) new models of prevention
and intervention, or considering which areas to prioritise for funding and
resources. They also point to the difficulty of distinguishing between as-
sessment practices and the nature of children’s needs, something of par-
ticular relevance to evidence based on administrative data. The problem
is less about data quality (although this matters too) but more epistemo-
logical questions: how do we construct knowledge about people’s lives,
and who has the power to tell the stories that count (or are counted)? In
this respect, the needs identified in social work assessments are a one-
sided story, told by professionals and mediated by the state. On a con-
ceptual as well as methodological level, the categories reflect the nature
of the checklist provided to practitioners, for example, in being geared
towards individual or family-level issues such as mental health, domestic
abuse or anti-social behaviour, rather than broader community or socie-
tal issues, such as poverty or access to services. The obvious question
arises as to how children and families would themselves describe their
needs and the kind of help they want—bearing in mind that many chil-
dren assessed by CSC will not be considered ‘in need’ of any kind of
statutory service, let alone protective intervention. Such descriptions are
not routinely collected by CSC services, although they may well be
recorded somewhere (as text) in the main body of assessments. From an
organisational systems perspective, it has been argued that measuring
and acting on what matters to people are one of the fundamental princi-
ples of designing people-centred services. Categories based on profes-
sional risk assessment could therefore be complemented by different
kinds of measures, which capture in their own terms how children and
young people would want to improve their everyday lives (Hood, 2019).

Conclusion

This article has outlined the results of a LCA of demand for CSC services
based on the needs identified in social work assessments. Evidence was
found for twelve main categories, representing predictable combinations
of need that were consistently present over time and across LAs. The cat-
egories are a useful addition to conventional measures based on aggregate
figures at different thresholds of provision or within broad classifications
such as domestic abuse. Further examination and profiling of these catego-
ries in their local context may contribute to the planning and design of
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services, for example, in relation to EFH or child and adolescent mental
health. The process of interpreting and critiquing the categories adds value
to the knowledge and experience held by practitioners and managers,
helping to align the textual information gathered in assessments with the
statistical data used for performance management. Further work is
planned to demonstrate some of the analytical possibilities, including a
longitudinal analysis of outcomes for different types of demand. Finally,
the study points to the need to balance professional categories derived
from risk assessment with more people-centred measures.

Supplementary material

Supplementary material is available at British Journal of Social Work
Journal online.
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