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Abstract

Background

Given concerns the role of school closures in increasing mental health problems after
the Covid-19 pandemic, we used pre-pandemic data to undertake a causal epide-
miological analysis of the associations of school absence with later mental health
problems.

Methods

Longitudinal data from the Millennium Cohort Study were collected pre-pandemic at
ages 7 (in 2008), 11 (2012) and 14 years (2015), securely linked with English routine
educational data on school absence in the 2 years preceding each cohort wave. We
constructed marginal structural models for mental health problems (as outcome)
and quartiles of absence (exposure), taking account of baseline and time-varying
confounding.

Results

Those in the highest quartile of absence had odds ratios (OR) for experiencing later
mental health problems of 2.216 (1.629, 3.014) at age 7 (n=6383), and in lagged
models OR of 1.508 (1.072, 2.122) at age 11 (n=6102) and 1.903 (1.234, 2.934) at
14 years (n=5616). Persistent absence (>10% of school year) was associated with
OR for later mental health problems of 2.00 (1.56, 2.57) at 7 years, and in lagged
models OR of 2.26 (1.62, 3.14) at 11 years and 2.00 (1.27, 3.16) at 14 years.
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Conclusions

School absence above the second quartile doubled the odds of later mental health
problems in both primary and secondary school children in pre-pandemic data. Our
findings support there being a strong and potentially causal association between
absence from school and later mental health problems, and suggest that absence
from school is harmful for CYP’s mental health.

Introduction

High levels of both absence from school [1] and poor child and adolescent mental
health [2] in many wealthy countries in the years since the COVID-19 pandemic have
focused attention on relationships between school non-attendance and student mental
health and wellbeing. There is a large literature showing that poor school attendance
is associated with mental health problems, with mechanisms postulated to include
social isolation from peer groups, isolation from supportive adults including teachers
and pastoral staff, learning loss and removal from the safety-net of essential child
support services that schools enable [3—8]. However systematic reviews [5,7,8] have
concluded the quality of studies in this area is poor, with the great majority of studies
being cross-sectional. This is problematic because there is likely a reciprocal relation-
ship between school absence and mental health, with mental health problems causing
children to miss school and school absence worsening mental health and wellbeing [9].

Any discussion of post-pandemic mental health amongst children and young
people (CYP) must take into account the COVID-19 pandemic, which witnessed a
rise in child mental health problems in many countries [2,10]. In England, probable
mental health problems rose from 1 in 9 immediately pre-pandemic to 1 in 6 in 2020
and 2021 [2]. Post-pandemic, rates appear stable amongst 7—16 year olds although
16—17 year olds experienced a further increase to 1 in 4 in 2022 [11]. Whilst enforced
absenteeism due to school closures is distinct from absence while schools are open,
this form of absence has been argued to be a key factor in these increases through
social isolation and learning loss alongside other factors including pandemic anxiety,
bereavement, economic and family strains and post-covid effects [12—14].

Education policy requires unbiased longitudinal estimates of the impact of school
absence on later mental health problems in CYP. These issues remain highly per-
tinent for England and many other countries 4-5 years post-pandemic as school
absence rates remain stubbornly high. Further, the COVID-19 experience suggests
that in future pandemics there may again be high levels of student absenteeism
while schools are open, reflecting high parental anxiety. Pre-pandemic data offers
the opportunity to study the impacts of school absence without having to take into
account pandemic impacts such as school closures. We therefore used a nationally
representative UK birth cohort with linked routine education administrative data to
estimate the effects of school absence on mental health using marginal structural
models and controlling for a wide set of plausible confounders. We hypothesized that
higher absence increased the risk of later mental health problems.
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Methods

The MCS is an ongoing population-based study representative of all children born in the UK in 2000—2001. The MCS
oversampled children from economically disadvantaged areas and areas with a high proportion of ethnic minorities. Partic-
ipant recruitment and selection is described elsewhere [15]. Routine educational data on school absence and educational
attainments from the National Pupil Database (NPD) [16] were linked to MCS participants in England only, with data only
available for those attending public schools.

We examined the association of mental health measured in surveys at ages 7, 11 and 14 years [17—19] with school
attendance in the 2 years preceding each survey. We used a directed acyclic graph (DAG) to define the temporal
sequence related to school absence (as exposure) and mental health problems (as outcome) and the hypothesized con-
founding structure of other important variables (Fig 1). Our choice of hypothesized confounding variables was guided by
the literature noted above.

Outcomes

Mental health problems at each of age 7, 11 and 14 years were assessed by parent-completed Strengths and Difficulties
Questionnaire (SDQ), extensively validated as a measure of mental health in UK populations [20]. Scores above pub-
lished thresholds (SDQ ‘high scorer’, defined as a score>=17) at each age were used as a proxy for probable mental
health disorder [21].

Absence Mental health

Fig 1. Causal diagram of hypothesized pathways between school absence (Ab) and child mental health (MH) at ages 7, 11 and 14 years. Figure
shows a directed acyclic graph (DAG) of hypothesized pathways between school absence (Ab) and child mental health (MH) at ages 7, 11 and 14 years.
Ab: school absence in 2 years prior to MH measurement (i.e., 6&7 years, 9&10 years, 12&13 years). MH: high scorer on SDQ at 7, 11 and 14 years. C:
baseline confounders: measured before children started school: sex, ethnicity and deprivation. Note that C baseline confounders were included in each
of the models, including for Ab9&10 and Ab12&13 however only a single arrow is shown in Fig 1 for simplicity and as C confounders were only included
once in lagged models. T: time varying confounders: maternal mental health, long-term condition, previous educational attainments, engagement with
school, special educational needs and bullying, area-level deprivation, prior SDQ.

https://doi.org/10.1371/journal.pone.0336137.9001
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Exposures

The NPD [16] provided data for each child on the number of half-day school sessions for which a student was autho-
rized to be absent and sessions absent without authorization and the possible number of sessions for each child. The
Department for Education (DfE), which collected the absence data, defines “authorised absence” as absence with per-
mission from a teacher or other authorised representative of the schools, e.g., for iliness [22]. Given these analyses
aimed to understand the impact of total school absence on mental health, we combined both authorised and unauthorised
absences.

To ensure exposures were prior to the outcome, we defined our years of interest for school absence as being the 2
years prior to each MCS survey at which SDQ data were available; for the age 7 survey (in 2008) we used absence data
for 2007 and 2008 as no absence data were available for 2006); absence data were used for 2009 and 2010 for the age
11 survey (2012) and 2012 and 2013 and for the age 14 survey (2014-15). We averaged sessions absent for each child
over the relevant two years and then calculated the proportion of possible sessions that were absent.

The association of absence with mental health problems is unlikely to be linear, and we chose to categorize absence
in quartiles as our primary analysis, using the lowest (fewest sessions absent) quartile as the reference group. In supple-
mentary analyses we a) examined authorized absence as a predictor of later mental health; and b) examined associations
using total absence as a continuous logged variable and as a binary variable defining persistent absence as > 10% of
possible sessions, consistent with the definition of ‘persistent absence’ used by the DfE [22].

Confounding structure

We included the following potential confounding variables (Fig 1):

Baseline confounding: Potential confounding factors measured before children started school included sex, ethnicity
and residential area-level deprivation [3] (index of multiple deprivation (IMD)).

Time-varying confounding: The following variables, measured in the sweep preceding exposure measurement were
adjusted for: maternal mental health (Kessler Psychological Distress scale); maternal report of presence of a long-term
condition in the child [23], school experience [24] including engagement with school, bullying victimization and special or
additional educational needs (SEND); and previous educational attainments obtained from linked NPD data (national data
collected at age 5 years (Key Stage 1) and at age 10—11 years (Key Stage 2)). Where a required confounding variable
was not available at a wave, the relevant variable from the preceding wave was substituted to ensure temporal prece-
dence was maintained.

Analysis

We constructed marginal structural models (MSM) weighted using inverse probability weights (IPW) calculated from a
minimally-sufficient confounding structure identified from the DAG. We first we estimated odds ratios (OR), with 95% con-
fidence intervals (Cls) at 7, 11 and 14 years, in separate models, with the exposure being absence in the previous 2 years
and the IPW taking account of baseline confounding and time-varying confounders relevant to each age. The IPWs also
included mental health problems (SDQ high scorer) measured at the previous wave.

We then ran ‘cross-lagged’ MSMs at 11 and 14 years which took account of previous associations between absence,
SDQ and time-varying confounding (e.g., for 11 year taking into account relationships and variables at 7 years; for 14
years taking into variables at 7 and 11 years), following Hope 2018 [25]. For these cross-lagged MSM we used a com-
bined IPW calculated by multiplication of IPW for the current analysis with that for the previous analyses. We confined
our analyses to complete cases as missingness was relatively low for all included variables. We did not use population
weighting methods provided for MCS analyses as these are not applicable for analyses across multiple waves as we have
undertaken. All analyses were undertaken in Stata 16 (StataCorp, College Station, TX) within the secure environment of
the UK Data Service SecureLab.
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Ethics: No ethical approval necessary for these secondary analyses of anonymized data. Data owner permissions were
obtained through the UK Data Service.

Results

Characteristics of the sample for exposure (school absence) and outcome (mental health) are shown in Table 1 with char-
acteristics of other confounding variables used to construct the IPW shown in Table 2.

The sample for these analyses consists of those children with data on both school absence and mental health disorder
at each age: n=7659 at 7 years, n=6689 at 11 years, n=5838 at 14 years. Proportions of children with probable mental
health problem (SDQ high scorer) were 8.0% at age 7 years, 9.1% at 11 years and 10.2% at 14 years. The mean propor-
tion of time that children were absent from school was 5.3% in the two years before age 7, 3.6% in the 2 years before age
11 and 4.2% in the 2 years before age 14. The majority of absence was authorized at all ages, with unauthorized absence
accounting for only 0.49% to 0.57% of possible school sessions across ages. The sample for these analyses was broadly
representative of the child population of England, being 50.7% male and 80.8% white at age 7, with similar proportions at
11 and 14 years. Consistent with the MCS recruitment strategy, 15% of children were in the most deprived decile at age 7,
with 8—12% in all other deciles.

Table 1. Characteristics of children in terms of school absence in preceding 2 years and mental health disorder at 7, 11 and 14 years.

7 years (2008) 11 years (2012) 14 years (2015)
A. ABSENCE Absence 2007-08 Absence 2010-11 Absence 2012-13
Total number of sessions Mean 608.33 (607.59, 609.06) 607.92 (607.19, 608.64) 684.69 (683.78, 685.59)
n=7659 n=6689 n=5838
Median 616 614 694
Absence (authorized) Annual sessions Mean 29.22 (28.68, 29.76) 24.56 (24.05, 25.07) 24.61 (24.02, 25.20)
absent n=7659 6689 n=5838
Median 24 20 19
% absent of total Mean 4.83 (4.74,4.92) 4.05(3.97, 4..13) 3.61 (3.51, 3.69)
sessions n=7659 n=6689 n=5838
Median 3.25 2.73
Absence (unauthorized) Annual sessions Mean 2.92 (2.71, 3.11)) 3.10 (2.90, 3.30) 3.83 (3.56, 4.10)
absent n=7659 n=6689 n=5838
Median 0 0 0
% absent of total Mean 0.49 (0.46, 0.53)) 0.52 (0.49, 0.56) 0.57 (0.53, 0.61)
sessions n=7659 n=6689 n=5838
Median 0 0 0
Total Absence (authorized Annual sessions Mean 32.14 (31.52, 32.75)) 27.09 (26.66, 28.24) 28.44 (27.74, 29.15)
and unauthorized) absent n=7659 n=6689 n=5838
Median 25 22 21
% absent of total Mean 5.31(5.22, 5.42)) 4.57 (4.47,4.67) 4.18 (4.07, 4.28)
sessions n=7659 n=6689 n=5838
Median 418 3.57 -
B. MENTAL HEALTH (n=7659) (n=6689) (n=5838)
Probable mental health SDQ high scorer % (95% ClI) 8.04 (7.44, 8.67) 9.10 (8.43, 9.82) 10.23 (9.46, 11.03)
disorder

Notes: Table shows the characteristics of children in these analyses, i.e., A. the distribution of school absence (authorized, unauthorized and total ab-

sence) at each age, characterized by the mean and median; and B. the proportions and 95% confidence intervals (95% Cl) with probable mental health
problems (defined as being high scorer on the Strengths and Difficulties Questionnaire (SDQ)). Data disclosure rules operating in the SecureLab meant
that inter-quartile ranges (IQR) and minimum and maximum scores could not be disclosed due to small sample sizes. Where median is not reported, the
sample size for the median value also lay below disclosure rules.

https://doi.org/10.1371/journal.pone.0336137.t001
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Table 2. Cohort member characteristics for confounding variables.

7 years (2008)

11 years (2012)

14 years (2015)

% (n) % (n) % (n)

Sex Male 50.65 (3870) 50.07 (3349) 50.27 (3210)

Female 49.35 (3771) 49.93 (3340) 49.73 (3175)
Ethnicity White 80.81 (6189) 81.24 (5434) 79.14 (4620)

Mixed ethnicity 1.24 (95) 1.17 (78) 1.18 (69)

Indian 3.45 (264) 3.23 (216) 3.80 (222)

Pakistani or Bangladeshi 8.16 (625) 8.43 (564) 9.66 (564)

Black 4.47 (342) 3.93 (263) 4.01 (234)

Other 1.87 (143) 1.99 (133) 2.21 (129)
Index of multiple deprivation (IMD) decile % (n) % (n) % (n)

1: Most deprived decile 15.0 (1,100) 14.29 (956) 13.2 (843)

2 12.11 (888) 11.75 (786) 11.14 (711)

3 11.19 (821) 10.85 (726) 10.73 (685)

4 9.48 (695) 9.06 (606) 9.21 (588)

5 9.86 (723) 9.73 (651) 10.05 (642)

6 8.43 (618) 9.15 (612) 9.43 (602)

7 8.41 (617) 8.87 (593) 9.19 (587)

8 8.22 (603) 8.4 (562) 8.54 (545)

9 8.41 (617) 8.64 (578) 9.08 (580)

10: Least deprived decile 8.89 (652) 9.25 (619) 9.43 (602)
Enjoys school Always 72.04 (5230) 64.15 (4291) 64.51 (3766)

Usually 24.16 (1754) 29.54 (1976) 29.27 (1709)

Sometimes 3.33 (242) 5.34 (357) 5.28 (308)

Not at all 0.47 (34) 0.84 (56) 0.77 (45)
Bullied at school Never 65.24 (4997) 65.67 (4393) 65.60 (3824)

Once or twice 27.30 (2091) 26.94 (1802) 27.05 (1579)

Several times 5.54 (424) 5.47 (366) 5.53 (323)

Many times 1.67 (128) 1.58 (106) 1.54 (90)
Long-term condition No 80.18 (5859) 81.25 (5427) 85.96 (4569)

Yes 19.82 (1448) 18.75 (1252) 14.04 (746)
Child has special needs No - 91.90 (6147) 92.03 (56373)

Yes - 7.95 (532) 7.74 (452)
KS1 reading & writing score level Level 3 or above 12.48 (886)

Level 2b or above 47.96 (3404)

Level 2 or above 20.78 (1475)

Level 1 or below 18.78 (1333)
KS1 achieved Maths level Level 3 or above 23.47 (1666)

Level 2b or above 53.47 (3795)

Level 2 or above 14.48 (1028)

Level 1 or below 8.58 (609)

Continuous continuous continuous

Key Stage 2 point score Mean (sd) - 28.79 (3.37) n=6654 28.80 (4.46) n=5825

Median - 27 n=2923 27 n=2568
Maternal mental health: Kessler score Mean (sd) & n 3.29 (3.81) n=6938 3.25 (3.89) n=6389 3.28 (3.92) n=5515

Median 2 2 2

Notes: Table shows the characteristics of the sample in terms of the confounding variables that were used in constructing the inverse probability weight-
ing (IPW). For categorical variables, proportion (%) and sample size (n) are shown. For continuous variables, the mean, median and sample size (n) are

shown. Ethnicity was collapsed for analyses into the categories shown.

https://doi.org/10.1371/journal.pone.0336137.t002
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Table 3 shows odds ratios (OR) and 95% confidence intervals (Cl) for risk of probable psychological disorder associ-
ated with quartiles of total school absence in the previous 2 years, adjusted for confounding factors and previous mea-
surements of the outcome in unlagged and lagged models (that took account of previous relationships between absence
and mental health). Final model samples were 6383 at 7 years (83.3% of the analytic sample at 7 years), 6102 at 11 years

(91.2% of the analytic sample) and 5616 at 14 years (96.2% of analytic sample).

In unlagged models, there was a dose response relationship between absence and mental health problems across
all ages, with those in the highest quartiles of absence at around twice as likely (or more) to experience mental health
problems as those in the lowest quartile. For example, odds ratios (OR) for experiencing mental health problems (high-
est quartile of absence compared with the lowest) was 2.216 (1.629, 3.014) at age 7, 1.919 (1.368, 2.693) at age 11 and
2.690 (2.045, 3.539) at 14 years.

In lagged models, the dose response relationships were still seen, but these were weaker than in the individual models.
For example, the increased risk of mental health problems in the highest quartile of absences was (OR 1.5 (1.071, 2.122)
at 11 years and 1.903 (1.234, 2.934) at 14 years. In the cross-lagged models, there no longer appeared to be an elevated
risk in the second absence quartile.

Supplementary analyses Table 4 shows models for absence as a continuous (log transformed) variable and for per-
sistent absence (absence >10%). In the continuous analyses, the risk of later mental health problems increased with
duration of school absence at 7 years but not at 11 or 14 years in either unlagged or lagged analyses. Persistent absence

Table 3. Odds ratios for probable psychological disorder at 7, 11 and 14 years associated with quartiles of preceding school absence in
unlagged and lagged mediation models.

7 years (re absence aged 6-7 year) 11 years (re absence aged 10-11y) 14 years (re absence aged 12-13y)
Model n=6383 Model n=6102 Model n=5616
Unlagged Models % absence |OR (95% Cl) |p-value |% absence |OR(95% Cl) |p-value |% absence |OR(95% Cl) |p-value
in quartiles in quartiles in quartiles
Absence quartiles: | <2.2% 1 <1.9% 1 <1.5% 1
Ref: Lowest quartile
2nd quartile 2.3-4.2% 1.163 (0.825, |0.388 2.0-3.6% 1.201 (0.866, |0.272 1.5-3% 1.272 (0.937, |0.122
1.638) 1.666) 1.725)
3rd quartile 4.3-71% 1.421 (1.031, |0.032 3.7-6.2% 1.433 (1.041, |0.027 3.1-5.7% 1.935 (1.459, |<0.0001
1.958) 1.971) 2.566)
Highest quartile 7.2% plus 2.216 (1.629, |<0.0001 |6.2% plus 1.919 (1.368, |<0.0001 |5.8% plus 2.690 (2.045, |<0.0001
3.014) 2.693) 3.539)
Lagged models for Model Model
11 and 14 years n=5517 n=4597
Absence quartiles: <1.9% 1 <1.5% 1
Ref: Lowest quartile
2nd quartile 2.0-3.6% 1.185(0.857, |0.304 1.5-3% 1.038 (0.696, |0.856
1.638) 1.549)
3rd quartile 3.7-6.2% 1.249 (0.898, |0.186 3.1-5.7% 1.759 (1.172, |0.006
1.736) 2.641)
Highest quartile 6.2% plus 1.508 (1.072, |0.018 5.8% plus 1.903 (1.234, |0.004
2.122) 2.934)

Notes: Table shows odds ratios (OR) and 95% confidence intervals (Cl) for risk of probable psychological disorder associated with total school absence
in the previous 2 years, adjusted for confounding factors as shown in Table 2. Note that absence quartiles were derived separately for each of the 2 year
periods prior to age 7, 11 and 14 years. Models are shown unlagged and lagged. The unlagged models only use inverse probability weights (IPW) de-
rived for that analysis (separate IPW were derived for models for 7, 11 and 14 years). Lagged models were then run for 11 and 14 years taking account
of previous absence and previous associations between mental health and absence, i.e., the model for 11 years used the product of the IPW for 7 and
11 years, and the model for 14 years used the product of the IPW for 7, 11 and 14 years.

https://doi.org/10.1371/journal.pone.0336137.t003
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Table 4. Supplementary analyses: odds ratios for probable psychological disorder at 7, 11 and 14 years associated with preceding school
absence as a continuous or binary variable in unlagged and lagged mediation models.

7 years (re absence aged 6—7 11 years (re absence aged 14 years (re absence aged
year) 10-11y) Model n=6102 12-13y)
Model n=6383 Model n=5616
Unlagged Models OR (95% ClI) p-value | OR (95% CI) p-value | OR (95% CI) p-value
School absence (continuous; anti-logged) | 1.373 (1.136, 1.658) | 0.001 1.030 (0.935, 1.133) | 0.552 1.153 (0.969, 1.372) |0.109
Persistent absence (Absence >10%) 2.005 (1.564, 2.568) |<0.0001 |2.98 (2.166, 4.093) <0.0001 | 2.370(1.811, 3.100) | <0.0001
Lagged models for 11 and 14 years Model n=5517 Model n=4597
School absence (continuous; anti-logged) 1.055 (0.957, 1.163) | 0.281 1.074 (0.935, 1.233) |0.312
Persistent absence (>10%) 2.255 (1.620, 3.138) | <0.0001 1.999 (1.267, 3.155) | 0.003

Table shows odds ratios (OR) and 95% confidence intervals (Cl) for risk of probable psychological disorder associated with total school absence in the
previous 2 years, adjusted for confounding factors. Models are shown for total absence first as a continuous variable and second as a dichotomous vari-
able (highly absent, defined as absence >10%), and third in quartiles of absence. Models are shown unlagged and lagged. The unlagged models only
use inverse probability weights (IPW) derived for that analysis (separate IPW were derived for models for 7, 11 and 14 years). Lagged models were then
run for 11 and 14 years taking account of previous absence and previous associations between mental health and absence, i.e., the model for 11 years
used both IPW for 7 and 11 years, and the model for 14 years used IPW for 7, 11 and 14 years.

https://doi.org/10.1371/journal.pone.0336137.t004

was found in 11.7% in 2007-08, 8.2% in 2009-10 and 6.8% in 2012-13. Being persistently absent was associated with
OR for later mental health problems of 2.00 (1.56, 2.57) at 7 years and in lagged models OR were 2.26 (1.62, 3.14) at 11
years and 2.00 (1.27, 3.16) at 14 years. A sensitivity analysis examining authorized absence (see Table 5) showed similar
findings.

Discussion

We found that levels of absence above the second quartile of the distribution of sessions missed were associated with
greater odds of mental health problems 1-2 years later. This is a relatively low threshold for school absence, and sug-
gests that the upper half of the population distribution of school sessions missed were at risk of mental health problems
related to absence. Estimates for lagged models for 11 and 14 years were smaller than in unlagged models, suggesting
that failing to account for confounding histories likely results in upwards-biased estimates. We found that the increased
risk for mental health problems was apparent from only approximately 4% total absence amongst 7 and 11 year olds, with
an approximately 40% increase in odds of mental health problems, although in lagged models for age 11 risk was only
significantly increased from around 6% absence. For 14 year olds, increased risk was apparent from approximately 3%
total absence, but with larger effect sizes, with an 80% increase in odds of mental health problems from approximately 3%
absence and a 90% increase from approximately 6% absence. The risk of mental health problems among those experi-
encing persistent absence compared to those who did not, was approximately double at all ages.

A number of studies have shown links between school absence and mental health [3-8], with persistent or prolonged
absenteeism most strongly associated with these problems [26]. This is true for emotional or internalizing disorders,
behavioural or externalizing problems [27] and for those with neurodevelopmental problems [3]. Both absences that are
authorized by school and those that are not (unauthorized absence) have been associated with mental health problems
[23], with relationships stronger for secondary compared to primary school children [23]. Data from the English National
Child and Adolescent Mental Health survey in early 2022 found that those with a mental health disorder were nearly twice
as likely to have persistent absence as those without problems [11]. However the majority of studies are cross-sectional.

Most research posits mental health problems as a result of school absence, with poor peer relationships [28,29]
and isolation [13] as mechanisms. However, there is some longitudinal evidence that relationships may also run from
poor mental health to later absence [5], truancy and school drop-out [30]. Pathways linking absence with mental health
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Table 5. Odds ratios for probable psychological disorder at 7, 11 and 14 years associated with preceding authorized school absence in
unlagged and lagged mediation models.

7 years 11 years 14 years
Unlagged OR | p-value 95% |95%CI OR | p-value 95% |95%CI OR | p-value | 95% |CI
models Cl lower Cl lower (o]
upper upper
N=6383 N=6102 N=5616
Absence <2.1% <1.7% <1.4%

quartiles: Ref:
Lowest quartile

2nd quartile 2.1-3.8% | 1.158 | 0.397 0.825 [1.625 |1.7-3.2% 1.292 1 0.122 0.933 [1.789 [1.4-2.7% | 1.171 |0.296 |0.870 | 1.576
3rd quartile 3.9-6.4% | 1.318 | 0.091 0.957 |1.814 | 3.3%-5.5% | 1.412 | 0.034 1.027 | 1.941 |2.8-4.9% | 1.732 | 0.000 1.313 | 2.284

Highest 6.5%+ 2.124 | <0.0001 | 1.571 |2.872 | 5.6%+ 1.965 | <0.0001 | 1.411 | 2.736 | 5.0%+ 2.385 | 0.000 1.828 | 3.112
quartile
Lagged models, i.e., 11 and 14y accounting for previous absence and previous associations between mental health and absence

N=5517 N=4597
Absence <1.7% <1.4%
quartiles: Ref:
Lowest quartile
2nd quartile 1.7-3.2% 1.312 | 0.099 0.950 |1.811 |1.4-2.7% | 1.073 |0.725 |0.724 | 1.592
3rd quartile 3.3%-5.5% | 1.256 | 0.167 0.909 | 1.737 | 2.8-4.9% | 1.423|0.072 0.969 | 2.092
Highest 5.6%+ 1.545 | 0.010 1.112 | 2.147 |5.0%+ 1.551 1 0.038 1.025 | 2.349
quartile

Notes: Table shows odds ratios (OR) and 95% confidence intervals (Cl) for risk of probable psychological disorder associated with authorized school
absence in the previous 2 years, adjusted for confounding factors as shown in Table 3. Models are shown for 2 variables for total absence; first as a
continuous variable and second in quartiles of unauthorized absence. Note that quartiles were derived separately for each of 7, 11 and 14 years. Models
are shown unlagged and lagged. The unlagged models only use inverse probability weights (IPW) derived for that analysis (separate IPW were derived
for models for 7, 11 and 14 years). Lagged models were then run for 11 and 14 years taking account of previous absence and previous associations
between mental health and absence, i.e., the model for 11 years used both IPW for 7 and 11 years, and the model for 14 years used IPW for 7, 11 and
14 years. All N are unweighted. Sample sizes are shown by model.

https://doi.org/10.1371/journal.pone.0336137.t005

problems are likely to be complex. First, there may be reciprocity between the two, so that absence may lead to poor men-
tal health due to isolation [13], but poor mental health may increase the chances of children missing or avoiding school.
Second, there may be confounding by educational attainments and success, as those with poorer mental health are more
likely to have poor attainments [31], but poor attainments are associated with absence [4]. Third, wider social determi-
nants may confound relationships between absence and mental health, and they both may be influenced by a range of
shared risk factors. Both absence and poor mental health may reflect common underlying social determinants such as
deprivation and family factors [29,32], although few studies have examined these factors [5]. Fourth, key confounders of
the relationship between absence and mental health such as bullying are likely to change over time during childhood and
adolescent, however studies have thus far failed to account for time-varying confounding. Studies have also largely failed
to recognise that previous absence is one of the strongest predictors of school absence [33].

What this study adds

Ours is the first study in this area to use causal inference methods in nationally representative longitudinal data, taking
account of temporality, time-varying confounding and earlier associations between absence and mental health. Standard
statistical methods to adjust for confounding that is influenced by previous exposure can lead to biased estimates [34].
First, conditioning on a confounder that is affected by previous exposure removes part of the effect of interest. Second,
if there are unmeasured factors associated with both school absence and mental health, conditioning or adjusting for a
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confounding variable (as is done in standard regression) potentially induces further confounding through unmeasured
pathways from exposure to outcome via these unmeasured variables, known as ‘collider bias’ [34]. We used weighted
marginal structural models (MSM) [34,35] to account for the complex hypothesised pathways between exposure (school
absence), outcome (mental health), baseline confounding and time-varying confounding. MSMs are an effective method
of generating unbiased potentially causal estimates in the presence of time-varying confounding in social epidemiology
[36].

We identified a potentially causal association between school absence and later mental health problems in primary
and secondary school children, and identified low thresholds (e.g., 3—4% total absence) above which risk of mental health
problems increased.

Limitations of this study

Our data are subject to a number of limitations. While we were able to adjust for a range of confounders, these will not
have been measured perfectly and it is possible that there are other important confounders that we have not adjusted for.
Our analyses were based upon our DAG, which included relationships between mental health and absence at previous
waves and thus accounted for potential bi-directional relationships between mental health and absence. However we can-
not exclude unobserved residual confounding explaining some of our findings.

Not all MCS participants in England had linked educational data, likely reflecting loss during the linkage process and
lack of consent for linkage. It is likely these data are missing at random as non-linkage is unlikely to be related to any
of the variables under study here. There was minor excess attrition in the sample for cohort members from the most
deprived deciles and from some ethnic groups; whilst this is unlikely to impact the substantive relationship between school
absence and mental health problems, the association of deprivation with both absence and mental health problems sug-
gest our findings may under-estimate its size.

For analytic parsimony we only examined overall mental health problems using the SDQ total difficulties scale, rather
than examine associations of absence with different types of mental health problems, such as self-reported anxiety or
depression.

We used pre-pandemic data to examine these associations, as this inherently excluded a range of pandemic-related
confounding factors and allowed us to more cleanly study school absence as an exposure. However, we recognise
that prepandemic absence from school is an imperfect analogy for enforced absence due to school closures during the
COVID-19 pandemic and therefore the associations observed in this study might have changed during and since the
pandemic.

Policy implications and conclusions

Our findings support there being a strong and potentially causal association between absence from school and later men-
tal health problems in primary and secondary school CYP. Absence for more than 3—4% of total school-time significantly
increased the odds of later mental health problems, with greater impact in adolescence. This threshold is notably lower
than the 10% threshold used to define persistent absence in England. Whilst higher levels of post-pandemic absence
across the school population mean that quartiles of school absence will be different to those identified here, our findings
suggests that mental health harms related to absence are likely at lower levels of school absence.

Our use of prepandemic data within a causal mediation framework allows us to be confident that absence from school
is harmful for CYP’s mental health separate to any impacts from other pandemic stressors.

Estimates suggest that pupils in England lost 61 days of schooling on average between March 2020 and April 2021,
approximately 32% of a school year [37], far higher than the thresholds used in this study. These findings will be important
for policymakers, given the persisting levels of absence post-pandemic seen in countries such as England and in rela-
tion to decisions regarding school closure in any future pandemics. There is a need for further study of the association
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between absence and mental health in the post-pandemic period. Our data suggest that persisting high levels of school
absence post-pandemic are contributing to rising levels of mental health problems amongst young people, and support
conceptualisation of school absence as a public health problem. Our findings therefore support action on reducing school
absence as a potentially useful part of efforts to improve children and young people’s mental health.

Author contributions

Conceptualization: Russell M. Viner.

Data curation: Russell M. Viner.

Formal analysis: Russell M. Viner.

Methodology: Russell M. Viner, Anna Pearce, Steven Hope.

Writing — original draft: Russell M. Viner.

Writing — review & editing: Russell M. Viner, Anna Pearce, Steven Hope.

References
Pupil absence in schools in England: autumn term 2021/22. England: Department for Education; 2022.

2. Newlove-Delgado T, Williams T, Robertson K, McManus S, Sadler K, Vizard T, et al. Mental Health of Children and Young People in England, 2021:
Wave 2 follow up to the 2017 survey. NHS Digital; 2021.

3. JohnA, Friedmann Y, DelPozo-Banos M, Frizzati A, Ford T, Thapar A. Association of school absence and exclusion with recorded neurodevelop-
mental disorders, mental disorders, or self-harm: a nationwide, retrospective, electronic cohort study of children and young people in Wales, UK.
Lancet Psychiatry. 2022;9(1):23-34. https://doi.org/10.1016/S2215-0366(21)00367-9 PMID: 34826393

4. Carter-Pokras OD, Bugbee BA, Gold RS, Lauver PE, Aiken R, Arria AM. Utilizing student health and academic data: a county-level demonstration
project. Health Promot Pract. 2021;22(2):193-203. https://doi.org/10.1177/1524839919862796 PMID: 31394957

5. Finning K, Ukoumunne OC, Ford T, Danielsson-Waters E, Shaw L, Romero De Jager |, et al. The association between child and adolescent
depression and poor attendance at school: a systematic review and meta-analysis. J Affect Disord. 2019;245:928-38. https://doi.org/10.1016/].
jad.2018.11.055 PMID: 30699878

6. Lawrence D, Dawson V, Houghton S, Goodsell B, Sawyer MG. Impact of mental disorders on attendance at school. Aust J Educ. 2019;63(1):5-21.
https://doi.org/10.1177/0004944118823576

7. Finning K, Ford T, Moore D. Mental health and attendance at school. Cambridge: Cambridge University Press; 2022.

8. Epstein S, Roberts E, Sedgwick R, Polling C, Finning K, Ford T, et al. School absenteeism as a risk factor for self-harm and suicidal ideation in chil-
dren and adolescents: a systematic review and meta-analysis. Eur Child Adolesc Psychiatry. 2020;29(9):1175-94. https://doi.org/10.1007/s00787-
019-01327-3 PMID: 30989389

9. Children’s Commissioner for England. New NHS Data shows school absence rates are higher in children with a probable mental health disorder.
Office of the Children’s Commissioner for England; 2022.

10. Vizard T, Sadler K, Ford T, Newlove-Delgado T, McManus S, Marcheselli F, et al. Mental Health of Children and Young People in England, 2020:
Wave 1 follow up to the 2017 survey. NHS Digital, Health and Social Care Information Centre; 2020.

11. Mental Health of Children and Young People in England 2022 - wave 3 follow up to the 2017 survey. England: NHS Digital; 2022.

12. Fegert JM, Vitiello B, Plener PL, Clemens V. Challenges and burden of the Coronavirus 2019 (COVID-19) pandemic for child and adolescent men-
tal health: a narrative review to highlight clinical and research needs in the acute phase and the long return to normality. Child Adolesc Psychiatry
Ment Health. 2020;14:20. https://doi.org/10.1186/s13034-020-00329-3 PMID: 32419840

13. Loades ME, Chatburn E, Higson-Sweeney N, Reynolds S, Shafran R, Brigden A, et al. Rapid systematic review: the impact of social isolation and
loneliness on the mental health of children and adolescents in the context of COVID-19. J Am Acad Child Adolesc Psychiatry. 2020;59(11):1218—
1239.e3. https://doi.org/10.1016/j.jaac.2020.05.009 PMID: 32504808

14. Ford T, Moore DA. Reflections on the Impact of Covid-19 on Children’s Education and Mental Health. In: Moore DA, Finning K, Ford T, editors.
Mental Health and Attendance at School. Cambridge: Cambridge University Press; 2022. pp. 181-91.

15.  Millennium Cohort Study: Centre for Longitudinal Studies, UCL Institute of Education. 2023. [cited 2023 Mar 24]. Available from: https://cls.ucl.
ac.uk/cls-studies/millennium-cohort-study/

16. Millennium Cohort Study: Linked Education Administrative Datasets (National Pupil Database). 2nd Edition. England: Secure Access: UCL Institute
of Education Centre for Longitudinal Studies, editor.: UK Data Service; 2021.

17. Millennium Cohort Study: Third Survey, 2006. In: Institute of Education: Centre for Longitudinal Studies, editor.: UK Data Service; 2017.

PLOS One | https://doi.org/10.1371/journal.pone.0336137  January 14, 2026 11712



https://doi.org/10.1016/S2215-0366(21)00367-9
http://www.ncbi.nlm.nih.gov/pubmed/34826393
https://doi.org/10.1177/1524839919862796
http://www.ncbi.nlm.nih.gov/pubmed/31394957
https://doi.org/10.1016/j.jad.2018.11.055
https://doi.org/10.1016/j.jad.2018.11.055
http://www.ncbi.nlm.nih.gov/pubmed/30699878
https://doi.org/10.1177/0004944118823576
https://doi.org/10.1007/s00787-019-01327-3
https://doi.org/10.1007/s00787-019-01327-3
http://www.ncbi.nlm.nih.gov/pubmed/30989389
https://doi.org/10.1186/s13034-020-00329-3
http://www.ncbi.nlm.nih.gov/pubmed/32419840
https://doi.org/10.1016/j.jaac.2020.05.009
http://www.ncbi.nlm.nih.gov/pubmed/32504808
https://cls.ucl.ac.uk/cls-studies/millennium-cohort-study/
https://cls.ucl.ac.uk/cls-studies/millennium-cohort-study/

PLO\Sﬁ\\.- One

18.
19.
20.

21.

22.
23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.
35.

36.

37.

Millennium Cohort Study: Sixth Survey, 2015. In: Institute of Education Centre for Longitudinal Studies, editor.: UK Data Service; 2018.
Millennium Cohort Study: Fifth Survey, 2012. 4th ed. In: Institute of Education Centre for Longitudinal Studies, editor.: UK Data Service; 2017.

Goodman R. The strengths and difficulties questionnaire: a research note. J Child Psychol Psychiatry. 1997;38(5):581-6. https://doi.
org/10.1111/j.1469-7610.1997.tb01545.x PMID: 9255702

Goodman R, Ford T, Simmons H, Gatward R, Meltzer H. Using the Strengths and Difficulties Questionnaire (SDQ) to screen for child psychiatric
disorders in a community sample. Br J Psychiatry. 2000;177:534-9. https://doi.org/10.1192/bjp.177.6.534 PMID: 11102329

A guide to absence statistics. London: Department for Education; 2019.

Finning K, Ford T, Moore DA, Ukoumunne OC. Emotional disorder and absence from school: findings from the 2004 British Child and Adolescent
Mental Health Survey. Eur Child Adolesc Psychiatry. 2020;29(2):187-98. https://doi.org/10.1007/s00787-019-01342-4 PMID: 31054124

Van Eck K, Johnson SR, Bettencourt A, Johnson SL. How school climate relates to chronic absence: a multi-level latent profile analysis. J Sch
Psychol. 2017;61:89-102. https://doi.org/10.1016/j.jsp.2016.10.001 PMID: 28259246

Hope S, Pearce A, Chittleborough C, Deighton J, Maika A, Micali N, et al. Temporal effects of maternal psychological distress on child mental
health problems at ages 3, 5, 7 and 11: analysis from the UK Millennium Cohort Study. Psychol Med. 2019;49(4):664—74. https://doi.org/10.1017/
S0033291718001368 PMID: 29886852

Lereya ST, Patel M, Dos Santos JPGA, Deighton J. Mental health difficulties, attainment and attendance: a cross-sectional study. Eur Child Ado-
lesc Psychiatry. 2019;28(8):1147-52. https://doi.org/10.1007/s00787-018-01273-6 PMID: 30627786

Gonzalvez C, Martin M, Vicent M, Sanmartin R. School refusal behavior and aggression in Spanish Adolescents. Front Psychol. 2021;12:669438.
https://doi.org/10.3389/fpsyg.2021.669438 PMID: 33995227

Nakamura-Thomas H, Sano N, Maciver D. Determinants of school attendance in elementary school students in Japan: a structural equation model.
Child Adolesc Psychiatry Ment Health. 2021;15(1):38. https://doi.org/10.1186/s13034-021-00391-5 PMID: 34315503

Heyne D, Kearney CA, Finning K. Mental health and attendance at school: Setting the scene. In: Moore DA, Finning K, Ford T, editors. Mental
health and attendance at school. Cambridge: Cambridge University Press; 2022. pp. 1-21.

Lindhardt L, Lindholdt L, Lund T, Mortensen OS. Self-reported mental health in adolescents attending school and its association with later school
dropout: A prospective 2.5-year follow-up study. Scand J Public Health. 2022;50(8):1164—71. https://doi.org/10.1177/14034948221089112 PMID:
35441561

Smith NR, Marshall L, Albakri M, Smuk M, Hagell A, Stansfeld S. Adolescent mental health difficulties and educational attainment: findings from the
UK household longitudinal study. BMJ Open. 2021;11(7):e046792. https://doi.org/10.1136/bmjopen-2020-046792 PMID: 34305046

Ingul JM, Kldckner CA, Silverman WK, Nordahl HM. Adolescent school absenteeism: modelling social and individual risk factors. Child Adolesc
Ment Health. 2012;17(2):93-100. https://doi.org/10.1111/j.1475-3588.2011.00615.x PMID: 32847296

Children’s Commissioner for England. Education history and attendance. England: Office of the Children’s Commissioner for England; 2022.
Hernan MA, Robins JM. Causal inference: What if? Boca Raton: Chapman & Hall/CRC; 2022.

Cole SR, Hernan MA. Constructing inverse probability weights for marginal structural models. Am J Epidemiol. 2008;168(6):656—64. https://doi.
org/10.1093/aje/kwn164 PMID: 18682488

Gilsanz P, Young JG, Glymour MM, Tchetgen Tchetgen EJ, Eng CW, Koenen KC, et al. Marginal Structural Models for Life-Course Theories and
Social Epidemiology: Definitions, Sources of Bias, and Simulated lllustrations. Am J Epidemiol. 2022;191(2):349-59. https://doi.org/10.1093/aje/
kwab253 PMID: 34668974

Major LE, Eyles A, Machin S. Learning loss since lockdown: variation across home nations. London: Centre for Economic Performance, London
School of Economics; 2021.

PLOS One | https://doi.org/10.1371/journal.pone.0336137 January 14, 2026 12712



https://doi.org/10.1111/j.1469-7610.1997.tb01545.x
https://doi.org/10.1111/j.1469-7610.1997.tb01545.x
http://www.ncbi.nlm.nih.gov/pubmed/9255702
https://doi.org/10.1192/bjp.177.6.534
http://www.ncbi.nlm.nih.gov/pubmed/11102329
https://doi.org/10.1007/s00787-019-01342-4
http://www.ncbi.nlm.nih.gov/pubmed/31054124
https://doi.org/10.1016/j.jsp.2016.10.001
http://www.ncbi.nlm.nih.gov/pubmed/28259246
https://doi.org/10.1017/S0033291718001368
https://doi.org/10.1017/S0033291718001368
http://www.ncbi.nlm.nih.gov/pubmed/29886852
https://doi.org/10.1007/s00787-018-01273-6
http://www.ncbi.nlm.nih.gov/pubmed/30627786
https://doi.org/10.3389/fpsyg.2021.669438
http://www.ncbi.nlm.nih.gov/pubmed/33995227
https://doi.org/10.1186/s13034-021-00391-5
http://www.ncbi.nlm.nih.gov/pubmed/34315503
https://doi.org/10.1177/14034948221089112
http://www.ncbi.nlm.nih.gov/pubmed/35441561
https://doi.org/10.1136/bmjopen-2020-046792
http://www.ncbi.nlm.nih.gov/pubmed/34305046
https://doi.org/10.1111/j.1475-3588.2011.00615.x
http://www.ncbi.nlm.nih.gov/pubmed/32847296
https://doi.org/10.1093/aje/kwn164
https://doi.org/10.1093/aje/kwn164
http://www.ncbi.nlm.nih.gov/pubmed/18682488
https://doi.org/10.1093/aje/kwab253
https://doi.org/10.1093/aje/kwab253
http://www.ncbi.nlm.nih.gov/pubmed/34668974

