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ABSTRACT

Aims: We investigated the proportion of sensor-detected hypoglycaemic (SDH) events progressing to level 2, and associated
variables.

Materials and Methods: We used data from Hypo-METRICS, which recruited people with type 1 (pwI'1D) and insulin-treated
type 2 diabetes (pwT2D) with >1 hypoglycaemic event in preceding 3 months, wearing blinded continuous glucose monitoring
devices (CGM), additional to usual monitoring modality, and FitBits for 10weeks. We defined:

L1: SDH < 3.9mmol/L for >15min but > 3.0 mmol/L;

L2: SDH < 3.9mmol/L with >15min of sensor glucose <3.0mmol/L;

L2 ratio=L2/(L1+ L2), restricted to participants with both event types during the study period.

Associations of selected variables on L2 ratio was assessed using beta regression and purposeful variable selection.

Poster viewings and presentations have been delivered in EASD 2024, DUK 2025, and EASD 2025 conferences.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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Results: We analysed 23 768 SDH events from 212 pwT1D and 213 pwI2D. PWT1D were predominantly female (53% vs. 42% in
T2D, p=0.023) and younger (median age 49 vs. 62years, p<0.001), with a higher L2 ratio (16% vs. 14%, p=0.03). Coefficient of
variation (CV), OR=1.07, 95% CI=1.06-1.09 (p <0.001), and mean sensor glucose, OR=1.13,95% CI=1.08-1.18 (p <0.001) were
the principal predictors in T1D and T2D respectively; mean L1-SDH duration, weekly L1-SDH frequency, personal CGM usage,
impaired awareness were not. Progression was higher during sleep than wakefulness (21% vs. 11%, p<0.001); L2 ratios during

sleep did not differ by awareness status.

Conclusions: Approximately one sixth of SDH events progressed to L2, with a higher proportion in T1D than T2D. The principal

determinants were CV in T1D and mean glucose in T2D. Awareness status was not associated with progression risk during sleep.

1 | Introduction

Hypoglycaemia is a limiting factor in optimising glucose
levels in insulin-treated diabetes [1] to prevent long-term
complications [2]. The International Hypoglycaemia Study
Group (IHSG) defines hypoglycaemia as level 1 (L1), glu-
cose >3.0mmol/L and <3.9mmol/L; level 2 (L2), glucose
<3.0mmol/L; level 3 (L3) or severe hypoglycaemia (SH), as-
sociated with cognitive impairment requiring external assis-
tance for recovery [3].

L1, an alert for hypoglycaemia, denotes the need for treatment
to prevent further glucose decrease, with symptomatic events
having a negative impact on quality of living [4]. L1 [5, 6] but,
mainly, L2 hypoglycaemia [5, 6], is associated with impaired
cognitive function, inflammation, increased cardiovascu-
lar risk, and impaired awareness of hypoglycaemia (IAH). L2
events are also associated with increased mortality in people
with type 2 diabetes (pwT2D) [7, 8] and those in critical care
environments [9], and are therefore termed clinically important
[3]. Most events remain at L1, recovering either spontaneously
or because of treatment. However, a proportion of L1 events pro-
gresses to the clinically important L2.

Diminution of counterregulatory (CRR) and symptom responses
to hypoglycaemia, increasing insulin deficiency [10], age, and
diabetes duration may amplify progression risk from L1 to L2
[11, 12]. Counterregulatory and symptom responses are reduced
during sleep [13], and in IAH, an independent risk factor for
SH [14] even in the continuous glucose monitoring (CGM) era
[15, 16].

The extent to which L1 hypoglycaemia progresses to L2 in clin-
ical practice has not been quantified. We explored factors that
are associated with the proportion of sensor-detected hypogly-
caemic (SDH) events progressing from L1 to L2 in pwTI'1D and
pwT2D. We then investigated the impact of sleep/awake status
on that progression, exploring differences in the overall sample
and by subgroups.

2 | Materials and Methods

2.1 | Study Design

Hypoglycaemia—MEasurement, ThResholds and ImpaCtS
(Hypo-METRICS) was a 10-week observational study con-

ducted across nine U.K. and EU sites between October 2020 and
August 2022, as part of the Hypo-RESOLVE project [17].

2.2 | Study Trial Population

Hypo-METRICS recruited 602 adults (18-85years) with T1D
and insulin-treated T2D taking >1 insulin injection daily, hav-
ing experienced > 1 hypoglycaemic episode in the 3 months prior
to study enrolment. Diabetes type was determined based on
clinical features. Key exclusion criteria were an estimated glo-
merular filtration rate of <30mL/min/1.73m? and automated
insulin delivery (AID) use. Participants wore a blinded CGM
device (Abbott Freestyle Libre 2) and a sleep and activity track-
ing device (Fitbit Charge 4) continuously for 10weeks. CGM data
were collected at 5-min intervals and were interpolated for 1-
min data [18]. Participants continued glucose monitoring, CGM
or self-monitoring blood glucose (SMBG), as before enrolment;
those on CGM as their usual monitoring modality wore both their
personal and the study blinded sensors during the study period.

Hypoglycaemia awareness status was assessed at enrolment
with the Gold question [19]; normal awareness (NAH) was de-
fined as Gold <3.

2.3 | Asleep/Awake Status

The Fitbit Charge 4 detected sleep periods combining accelerome-
try and heart rate data, without requiring manual input from par-
ticipants [20]. A SDH event was classified as “whilst asleep” if it
occurred between start and end time of sleep (including daytime
sleep) as identified by Fitbit, and “whilst awake” if it occurred out-
side sleep intervals. If a SDH event overlapped between asleep/
awake periods, it was attributed the sleep status for which the
area under the curve was the greatest during sleep [21].

2.4 | Definition of SDH Levels

SDH < 3.9mmol/L Events: These include all events with sensor
glucose <3.9mmol/L for >15min, divided into:

L2 events, which contained >15min of glucose <3.0mmol/L
(Figure 1).

LI events, which did not contain any period of >15min with
glucose <3.0mmol/L. Brief excursions <3.0mmol/L could
occur, provided they did not meet the minimum duration crite-
rion for L2 classification (< 15min) (Figure 2).

Resolution of either L1-SDH or L2-SDH was defined as
>15 consecutive minutes with >2 sensor glucose values
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L2-SDH event

=8~ Sensor glucose 2 3.9 mmol/L
=&~ Sensor glucose < 3.9 and = 3.0 mmol/L
=@~ Sensor glucose < 3.0 mmol/L

6 6.0

Glucose Level (mmol/L)

3.9 mmol/L

0 5 10 15 20 25

35 40 45 50 55

Time (minutes)

FIGURE1 | Schematic representation of a Level 2 sensor-detected hypoglycaemic (L2-SDH) event. Glucose falls below 3.9 mmol/L at 5min and

below 3.0mmol/L at 10min, remaining <3.0mmol/L for 15min (10-25min), before recovering to >3.9mmol/L and remaining there for >15min

(30-45min), at which point the event is considered resolved. The event is classified as L2-SDH because it contains > 15min of glucose < 3.0mmol/L.

L1-SDH event

=8~ Sensor glucose = 3.9 mmol/L
=@~ Sensor glucose < 3.9 and = 3.0 mmol/L

Glucose Level (mmol/L)

4.4

4 3.9 mmol/L
. 3.3 3.0 mmol/L
0 5 10 15 20 25 30 35 40 45 50 55

Time (minutes)

FIGURE 2 | Schematic representation of a Level 1 sensor-detected hypoglycaemic (L1-SDH) event. Glucose falls below 3.9mmol/L at 5min but
remains >3.0mmol/L throughout, recovering to >3.9mmol/L at 30 min and remaining there for >15min (30-45min), at which point the event is
considered resolved. The event is classified as L1-SDH because it does not contain any period of > 15min with glucose <3.0mmol/L.

>3.9mmol/L for >15min apart, with no intervening values
<3.9mmol/L.

L2 ratio=(L2-SDH)/(total-SDH); total-SDH: aggregate of L1-
SDH and L2-SDH events.
2.5 | Study Sample

Only participants with >70% active data from >14days of
blinded CGM wear were included in the analysis [22].

2.6 | Collected Variables

The following variables were considered clinically relevant to
L1 — L2 SDH progression:

Person-derived: age (years; median), sex (male/female; count
and percentage), race (white/non-white; count and percentage),
and hypoglycaemia awareness status (count and percentage).

CGM-derived: mean sensor glucose (mmol/L; reported as me-
dian); coefficient of variation (CV, %; median), glucose monitoring
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modality (CGM or SMBG; count and percentage), referring to
participants’ usual monitoring practice prior to study enrolment;
mean L1-SDH duration/participant (minutes; reported as median),
weekly mean L1-SDH frequency/participant (reported as median).

2.7 | Statistical Analysis

Participants’ baseline characteristics were computed via a de-
scriptive analysis. Data normality was assessed by histograms
and the Kolmogorov-Smirnoff test. The cohort was subdivided
by diabetes type (T1D, T2D) and analyses were performed in
each group (T1D + T2D, T1D, T2D) separately.

Beta regression models with a logit link were used to assess
the associations of the collected variables with L2 ratio across
each participant's observation period. The distribution of SDH
events/participant was examined to assess L2 ratio reliability.
Only participants with >1L1-SDH and >1L2-SDH event were
analysed. We chose beta over linear regression because of our
outcome variable (ratio), and its highly skewed distribution [23].
Participants with no L2-SDH events were excluded as beta regres-
sion requires the outcome to lie strictly within (0,1): the analysis
of those participants’ L1-SDH events would constitute a separate
research question beyond the scope of this study. Predictors of
the L2 ratio were identified using purposeful variable selection
[24], comprising univariable screening, multivariable model
building, and confounding assessment. Multicollinearity was
tested using variance inflation factor, with <5 indicating no
substantial multicollinearity [25]. Results were presented as ex-
ponentiated coefficients, interpreted analogously to odds ratios
(95% CIs, p-values).

We then compared L1 — L2 progression ratios during sleeping
versus waking hours with non-parametric tests, to account for
the skewness of our data. Only participants with SDH events
whilst both asleep/awake were included. Wilcoxon signed-rank
tests were used for within-participant comparisons (asleep vs.
awake). Between-group comparisons (T1D vs. T2D; NAH vs.
IAH; CGM vs. SMBG users) were conducted using Wilcoxon
rank-sum tests. We applied the Benjamini-Hochberg (BH) cor-
rection for multiple comparisons. Between-group analyses were
exploratory in nature and are interpreted accordingly.

A 5% significance level was used throughout; all analyses were
performed in R version 4.4.2 [26].

3 | Results

3.1 | Study Population and Distribution
of SDH Events

From 602 participants recruited, 425 (212 pwT1D, 213 pwT2D)
were included (55 did not consent for their data to be used in
secondary analyses; 49 had not completed the Gold question
or did not have>70% active data from>14days of blinded
CGM wear; 70 had no L2-SDH events; 2 had no reported L1-
SDH events; 1 had recorded their sex as other than male or
female). PWT1D were predominantly female (53% vs 42% in

T2D, p=0.023) and younger (median 49 vs. 62years, p <0.001).
Although AID users were excluded, open loop pump users
were included (Table S1).

We analysed 23768 SDH events (16304 in T1D; 7464 in T2D). The
median number of total episodes/participant was 47 (IQR =24-85;
range =2-251). PWT1D had a higher number of events compared
with pwT2D: 69 (IQR =41-103; range =8-251) versus 27 (IQR=17-
47; range=2-129), p<0.001. In pwT1D, median total episodes/
participant with NAH were 67 (IQR =39-103; range =8-216) vs 75
(IQR=46-103; range =8-251) in those with IAH, p=0.41; among
pwT2D, median total episodes/participant with NAH were 27
(IQR=16-49; range =2-129) and 27 (IQR = 18-46; range =2-126)
in those with IAH, p> 0.9 (Figure 3).

PwWT1D had a similar, albeit shorter, mean L1-SDH duration
(49 min vs 52min, p=0.002), a higher weekly mean L1-SDH fre-
quency (5.7 vs. 2.4 events/week, p < 0.001), and a higher L2 ratio
(16% vs. 14%, p=0.03) to pwT2D; mean sensor glucose (8.6 vs.
8.5mmol/L, p=0.50) was similar (Table S1). In T1D, individuals
with TAH were older and had longer diabetes duration; in T2D,
those with IAH were younger and had shorter diabetes duration
than those with NAH (Table S1).

3.2 | Purposeful Variable Selection Results

In the combined model, higher CV was independently associ-
ated with greater L1— L2 progression (OR=1.04 per 1% in-
crease, 95% CI=1.03-1.05, p<0.001), as was IAH (OR=1.20,
95% CI=1.04-1.39, p=0.014). Mean L1-SDH duration, weekly
mean L1-SDH frequency, diabetes type, age, mean glucose, and
glucose monitoring modality were not retained as independent
predictors. Sensitivity analysis excluding influential observa-
tions confirmed model stability, with all key coefficients chang-
ing by <10% (Figure 4).

In T1D, CV (Figure 5) was the sole independent predictor of pro-
gression (OR=1.07 per 1% increase, 95% CI=1.06-1.09, p <0.001).
Sensitivity analysis confirmed its stability (13.7% change).

In T2D, higher mean sensor glucose (Figure 5) was the principal
independent predictor of progression (OR=1.13 per 1 mmol/L
increase, 95% CI=1.08-1.18, p<0.001), with a borderline in-
verse association for age (OR =0.99 per year, 95% CI=0.98-1.00,
p=0.053). Sensitivity analysis showed that the mean glucose co-
efficient changed by 23.5%, reflecting the influence of a small
number of participants with high L2 ratios and elevated mean
glucose.

3.3 | SDH Progression Rate Results During
Sleeping Versus Waking Hours, Subgrouped by
Diabetes Type, Glucose Monitoring Modality,
and Awareness Status

Data from 399 participants (204 pwT1D, 195 pwT2D) were anal-
ysed; 26 were additionally excluded due to missing asleep/awake
classification or absence of SDH events in both states, to pre-
serve valid intraindividual comparisons.

Diabetes, Obesity and Metabolism, 2026

:sdny woiy ‘0 '9TE1E9TT

[ored-sqnd

ASUADI SUOWWO)) 2A1EAI) d[qearidde ayy Aq pauIaA0S e SAONIE YO 3SN JO SANI J0J ATeIqr] SUUQ AJ[TAL UO (SUONIPUOI-PUB-SULIA)/ WO’ A[Im ATeIqIour[uoy/:sdny) suonipuo)) pue sutid [, a1 23S *[9702/80/90] U0 A1eiqi auruQ LA ‘A TAIHIAHS 40 ALISYTAINN Aq TL1TL WOP/T [ 1" 1/I0p/WOd dur



Distribution of SDH events per participant

A. T1D vs T2D

Number of participants

0 50 100
B. T1D: NAH vs IAH

Number of participants

50 100
C. T2D: NAH vs IAH

Number of participants

100
Total number of SDH events per participant

150 200 250

IAH

250

IAH

0
0 50 100

NAH = normal awareness of hypoglycaemia; IAH = impaired awareness of hypoglycaemia.

Y-axes are free across panels.

FIGURE3 | Distribution of total sensor-detected hypoglycaemia (SDH) events per participant. Panel A: T1D versus T2D. Panels B and C: T1D and
T2D respectively, stratified by hypoglycaemia awareness status. Y-axes are free across panels. Note the difference in scale between T1D and T2D, and

between NAH and IAH subgroups. NAH, normal awareness; IAH, impaired awareness.

Among 21147 SDH events (14644 in pwI1D; 6503 in pwI2D),
26% occurred during sleep (T1D: 22%; T2D: 37%). L2 ratios were
higher during sleep than wakefulness irrespective of diabetes
type or glucose monitoring modality (Table S2): median 21%
(Q1-Q3=10%-33%) vs. 11% (Q1-Q3=23%-20%), BH-adjusted
p<0.001. This pattern was consistent in both NAH [21%
(Q1-Q3=10%-32%) vs. 10% (Q1-Q3=3%-20%), BH-adjusted
p<0.001] and IAH subgroups [24% (Q1-Q3=11%-40%) vs. 13%
(Q1-Q3=4%-22%), BH-adjusted p <0.001], with two exceptions:
no significant sleep/wake difference was observed in SMBG

users with T1D (BH-adjusted p > 0.9) or pwT2D using CGM (BH-
adjusted p=0.45).

Comparisons between NAH and IAH showed no statistically
significant differences in L2 ratios during sleep or wake-
fulness after BH adjustment, irrespective of diabetes type
or glucose monitoring modality (all BH-adjusted p>0.2;
Table S3). Although L2 ratios were numerically higher in
IAH than NAH across all SDH events (17% vs. 14%, p =0.0338),
this did not survive BH correction (p =0.2). Within T1D, no
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between-awareness comparisons reached significance after
BH correction (all p=0.18-0.48). In T2D, no comparisons
approached significance before or after adjustment (all BH-
adjusted p>0.34).

4 | Discussion

In this post hoc study, we found that among participants who
experienced both L1-SDH and L2-SDH events, one sixth became
L2, with a higher proportion seen in pwT1D than pwT2D. In the
combined model (T1D + T2D), CV and IAH were independently
associated with greater progression. Glycaemic variability,
as quantified by CV, was the sole independent predictor of

Variables retained in the final multivariable models
Filled circles = p<0.05; open circles = p20.05

CV (%) —0—

'
'
'
'
I
|
Mean sensor glucose (mmol/L) !
'
'
'
'
)

Age (per year) B
0.97 1.00 1.05 1.10 1.15 1.20
Odds ratio (log scale, 95% CI)

Diabetes type @ Type 1 @) Type 2

FIGURE4 | Variablesretained in the final multivariable beta regres-
sion models for type 1 and type 2 diabetes. Odds ratios (ORs) with 95%
confidence intervals are presented on a log scale. In type 1 diabetes,
coefficient of variation (CV) was the sole independent predictor of the
L2 ratio. In type 2 diabetes, mean sensor glucose was the primary inde-
pendent predictor, with age retained as a clinically relevant confounder.
Filled circles indicate p <0.05; open circles indicate p > 0.05. The dashed
vertical line represents OR=1. Blue=type 1 diabetes; amber=type 2
diabetes.

progression in T1D, while higher mean sensor glucose was the
principal predictor in T2D. Mean L1-SDH frequency, mean L1-
SDH duration, personal CGM usage, and diabetes type were not
retained as independent predictors in any model. Progression
was more common during sleep irrespective of diabetes type,
although no difference was found in SMBG users with T1D and
IAH, or in CGM users with T2D and IAH; in neither was it af-
fected by hypoglycaemia awareness status.

4.1 | Determinants of Hypoglycaemia Progression

In T1D, CV was identified as the sole predictor of L1 — L2 SDH
progression. Greater glycaemic variability has been associated
with higher risk of hypoglycaemia [27-29], and higher CV may
reflect greater glucose fluctuations increasing the likelihood of
a L1-SDH event becoming L2-SDH, particularly in T1D where
CRRis more frequently impaired. In 2024, with data from a real-
world study, Brett McQueen and associates described a lower
proportion of L2 events with decreasing CV levels in PWT1D
[30]. We additionally explored standard deviation (SD)—the
other most commonly reported CGM-derived variability metric
in clinical practice—as an alternative measure in a sensitivity
analysis, as SD has been proposed as a potentially more direct
SDH progression predictor [31]. This did not alter the main find-
ings in either T1D or T2D. However, in the combined model, SD
alongside mean glucose introduced collinearity and instability
of the mean glucose coefficient, supporting the robustness of CV
as the primary variability metric.

Neither mean L1-SDH duration nor weekly mean L1-SDH fre-
quency were retained as independent predictors, T1D or T2D.
Antecedent hypoglycaemia at <2.8mmol/L induces defective
glucose counterregulation and reduced symptom perception
[32], and greater L2-SDH exposure has been associated with a
blunted adrenaline response in clamp studies in pwT1D [33].

Association between key predictors and L1—L2 SDH progression ratio

Type 1 Diabetes
L2 ratio (%) vs CV (%)
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FIGURE 5 | Association between key glycaemic predictors and the L1 — L2 SDH progression ratio, by diabetes type. Left panel: Coefficient of
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Impaired CRR to clamp-induced hypoglycaemia has also been
demonstrated following antecedent L1 events, not exclusively L2
[34]. Nevertheless, this effect has been described most consis-
tently at L2, and the clinical definitions reflect this: the IHSG
defines L1-SDH as an alert value [3] not as a clinically import-
ant outcome in itself. Similarly, the FDA's draft guidance on
efficacy endpoints for antihypoglycaemic agents proposes L2
and L3—but not L1—as acceptable endpoints for hypoglycae-
mia treatment [35]. It should also be noted that the existing ev-
idence derives predominantly from mechanistic studies, whilst
our findings are based on everyday life CGM hypoglycaemic
exposure.

Higher mean sensor glucose in T2D was associated with
greater progression risk. This could be explained by insulin
stacking, namely successive corrective doses potentially am-
plifying glucose nadirs [36]. This can result in a steeper rate of
change, leading to a greater proportion of L2 events. However,
the reverse association is equally plausible: L2 events them-
selves may lead to subsequent hyperglycaemia through car-
bohydrate intake and CRR: a recent cross-sectional study
demonstrated that pwT1D experiencing rebound hypergly-
caemia following nocturnal hypoglycaemia had both higher
L2 event frequency and higher mean glucose levels than those
without [37]. The observational design of the study precludes
determination of the direction of this association. It is also
worth noting that the mean glucose coefficient showed the
largest change in sensitivity analysis (23.5%), driven by a small
number of pwT2D with disproportionately high L2 ratios and
elevated mean glucose; caution is warranted in interpreting
the magnitude of this association.

In T2D, an unexpected finding was that individuals with IAH
were younger and had shorter diabetes duration compared to
those with normal awareness. This contrasts with the pattern
observed in T1D and with established physiological expecta-
tions, reflecting differences in clinical or behavioural charac-
teristics in pwT2D, such as earlier adoption of intensive insulin
therapy or differing thresholds for symptom recognition. The
difference could also be due to survival bias: older pwT2D may
have mitigated progression risk through more conservative glu-
cose targets and consistent routines.

4.2 | Sleep as a Determinant of L1 — L2
Progression

Across both diabetes types, 21% of all SDH events progressed to
L2 during sleep versus 11% while awake. Intuitively, people may
be more able to perceive and respond to falling glucose levels
when awake; this finding is consistent with earlier physiological
studies showing that CRR is attenuated during sleep in pwT1D,
including blunted secretion of adrenaline and cortisol [38], al-
beit less so in pwT2D [39].

Even among participants with NAH, progression rates during
sleeping hours were substantially higher (21% vs. 10%), in keep-
ing with evidence that both autonomic and neuroglycopenic
responses to hypoglycaemia vary by sleep stage in healthy sub-
jects [40], being attenuated during late sleep [13]. Clinically, this
underscores the need to minimise sleep disruption as a result

of hypoglycaemia or otherwise. AID systems have been shown
to reduce overnight hypoglycaemia without worsening overall
glycaemic control [41, 42]. These systems are currently available
only for pwT1D; problematic hypoglycaemia during sleep could
represent an indication for AID therapy in pwT2D in the future.

4.3 | IAH, CGM Usage

In the subgroup models, awareness status did not independently
predict progression in either T1D or T2D. This contrasts with
prior research associating awareness status with overall SH risk
[43], suggesting that awareness status may influence total hy-
poglycaemia exposure rather than per-event progression prob-
ability. Notably, IAH was retained as an independent predictor
in the combined model (T1D+ T2D), where greater statistical
power may have enabled detection of a more modest effect.

Personal CGM usage was not identified as a predictor of L1 - L2
SDH progression either. Possible explanations could be be-
havioural delays in hypoglycaemia treatment, or associated
psychological burden, thus allowing L1 events to progress into
more serious ones. We know that in children and adolescents
with T1D, even when CGM alarms are triggered, up to 29% of
nocturnal events do not cause awakening of the individual, with
66% of them only awakening after successive alerts [44]. The
blinded study sensors used in Hypo-METRICS had no active
alarms; however, it is possible that some participants using CGM
in routine care transitioned to alarm-enabled devices during the
study period (2020-2022), and this cannot be fully excluded as
a confounding influence. Nevertheless, the substantially higher
progression rates during sleep observed here are consistent with
physiological attenuation of CRR during sleep itself [13].

Between those with TAH versus NAH during sleep, CGM users
with T1D represented the only subgroup to have had a higher
L2 ratio; after applying BH correction, awareness status had no
impact on L2 ratio during sleep, irrespective of diabetes type
or glucose monitoring modality. This may represent a selection
bias: CGM users may have already had more problematic hypo-
glycaemia, including those with IAH; they had thus been pri-
oritised for CGM, subsequently lowering their hypoglycaemic
burden.

Between sleeping versus waking hours, the progression rate
was greater during sleep with two exceptions: SMBG users with
T1D and IAH, and CGM users with T2D and IAH. It could be
that, because these two subgroups had much fewer participants
than the rest, there were fewer SDH events for analysis, which
may not have sufficed to highlight any statistically significant
differences.

4.4 | Strengths

The Hypo-METRICS dataset had one million hours of CGM
data. The use of a validated wrist-worn device to objectively
classify sleep status enabled estimation of hypoglycaemia pro-
gression rates during sleep. The application of beta regression
modelling, appropriate for bounded ratio outcomes, ensured
valid identification of independent predictors.
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4.5 | Limitations

Our inclusion criterion of hypoglycaemia in the previous
3months may have enriched the sample, particularly in the
insulin-using T2D population, where a smaller proportion
of individuals typically experiences hypoglycaemia [45]. The
observational design precludes causal inference, and residual
confounding from insulin dosing, meal timing, and physical
activity cannot be ruled out; we did not have data on insulin
doses or dose timing. Factors not captured in this study—in-
cluding chronotype, brief nocturnal awakenings, and time
spent in each sleep stage—may have influenced the sleep-
related findings. Exclusion of AID users limits generalisabil-
ity to the most technologically advanced population.

Awareness status was assessed using the Gold measure; we have
recently shown that different measures of awareness identify dif-
ferent individuals with IAH, and the absence of a significant as-
sociation between awareness and L2 ratio may partly reflect the
limitations of this instrument rather than a true absence of effect
[46]. Interstitial glucose measurements inherently lag plasma
glucose [47], potentially underestimating the rapidity of L1— L2
transitions. While the blinded study sensor had no active alarms,
the potential influence of alarms from participants’ personal glu-
cose monitoring devices during the study period was not captured
and cannot be fully excluded. People who activate CGM alarms
may have different personal or glycaemic characteristics from
those who do not, a potential confounding source that was not
accounted for in this analysis [48]. Some SDH events may reflect
sensor inaccuracy, compression artefacts, or exercise-related glu-
cose falls; however, these are expected to represent a small pro-
portion of the over 21000 events analysed and would be unlikely
to systematically bias between-group comparisons. The data were
collected in a predominantly white European population using a
single sensor (FreeStyle Libre 2; mean absolute relative difference
9.2% [49]), and findings may not generalise fully to more diverse
populations or other sensor systems.

A small proportion of participants contributed few hypogly-
caemic events: 7.1% of pwT1D and 12.2% of pwT2D had fewer
than 10 episodes. Removal of these participants did not change
the core findings. Factors associated with the occurrence of
L2-SDH among those who never experienced such events rep-
resent an important question for future research. Participants
with higher mean glucose in T2D may have received intensive
insulin regimens, which could have partially confounded the
observed association with the L2 ratio; insulin data were par-
tially captured via free text, precluding reliable stratification
by treatment modality. Body mass index, previous severe hy-
poglycaemia, and renal function were either incompletely cap-
tured or excluded by design, and their potential confounding
effects cannot be fully excluded either.

5 | Conclusion

This analysis demonstrates that, among participants who ex-
perienced both L1-SDH and L2-SDH events, progression from
alert-level to clinically important hypoglycaemia affects approx-
imately one sixth of SDH events, with a higher proportion in T1D
than T2D. The principal determinants differ by diabetes type:

glycaemic variability, as quantified by CV, was the sole indepen-
dent predictor in T1D, while higher mean sensor glucose was
the principal predictor in T2D. IAH was independently associ-
ated with greater progression in the combined model. Sleep sub-
stantially heightens progression risk across both diabetes types,
independently of glucose monitoring modality or awareness
status. These findings suggest that the underlying glycaemic
environment—CV in T1D, mean glucose in T2D—determines
the probability of progression to clinically important hypogly-
caemia, rather than alert-level events per se. Longitudinal anal-
yses are warranted to determine whether a higher L1 - L2 SDH
progression ratio predicts subsequent development of IAH or
risk of severe hypoglycaemia. If validated, the L1 — L2 SDH pro-
gression ratio could serve as a novel biomarker for individual
risk stratification.
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subsectioned by modality of glucose monitoring (CGM + SMBG, CGM,
and SMBG users), and awareness status (NAH+1AH, NAH, IAH).
Benjamini-Hochberg (BH) correction has been applied for multiple
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