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Abstract
Timely detection of fetal distress during labor
is a central pursuit of modern obstetric care.
The primary measure used in this regard is fetal
heart rate and contraction monitoring (echocar-
diotocography or CTG), which provides a con-
tinuous signal during labor. The vast major-
ity of machine learning applications to CTG
assume access to a 30 to 60 minute window
just prior to delivery, which makes an unten-
able assumption that the timing of delivery is
known. In this work, we reframe the prob-
lem as a time-to-event prediction task. We de-
velop deep time-to-event models to predict the
joint probability of imminent delivery and fe-
tal acidosis, a biomarker of fetal hypoxia col-
lected from umbilical cord gas after delivery.
We develop a framework for this problem, draw-
ing on deep discrete-time survival methods and
marked point processes, adapting each to this
particular setting (i.e., continuous physiological
signals, fully observed events, partially observed
labels). One approach dubbed Marked DeepHit
accurately estimates delivery within one hour
at multiple elapsed-time landmarks, with test-
set AUROC of 0.837 [95% CI 0.692–0.970] and
0.935 [0.858–0.964] at 6 and 12 hours into labor,
respectively. We find that these models also
achieve competitive performance near delivery
time compared to prior models trained specif-
ically on the end of tracing, and outperform

∗ Equal Contribution

other clinical feature-based proposals, both on
internal and external validation at a second site.
These results give a proof-of-principle to sup-
port future prospective deployment of AI-EFM
during labor.

Keywords: Time to event, survival analy-
sis, fetal monitoring, machine learning, car-
diotocography

1. Introduction

Continuous electronic fetal monitoring (EFM)
records fetal heart rate (FHR) and uterine activity
(measured by tocodynamometry, TOCO) through-
out most labors in the United States (Martin et al.,
2003). Despite being a fixture in modern obstetrics,
continuous CTG has not shown clear reductions in
perinatal mortality or cerebral palsy in randomized
evidence, while agreement on categorical tracing in-
terpretations is modest (Alfirevic et al., 2017; Nel-
son et al., 1996; Macones et al., 2008). This gap be-
tween the volume of data collected and the reliability
with which it is read motivates automated interpre-
tation (Georgieva et al., 2019).

A common objective reference for intrapartum fetal
compromise is the umbilical artery pH measured from
cord blood drawn at delivery. Lower cord pH is asso-
ciated with adverse short- and longer-term neonatal
outcomes (Malin et al., 2010), making thresholded
cord pH a common reference outcome in EFM re-
search. Accordingly, deep learning applications to
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EFM (AI-EFM) have predominantly used terminal
classification models: given a tracing window (e.g., 60
minutes) at or near the end of labor, predict whether
cord pH will fall below a fixed threshold (Spilka
et al., 2017; Petrozziello et al., 2018; McCoy et al.,
2024). Related terminal classification models predict
outcomes including Apgar score, fetal compromise,
and neonatal hypoxic ischemic encephalopathy (Oga-
sawara et al., 2021; Mendis et al., 2023).
AI-EFM is intended for clinical decision support

throughout labor, but terminal classification mod-
els train and evaluate retrospectively selected end-
of-labor segments. Labor timing varies substantially:
the median time from painful contractions to active
labor was 16.0 [10.0–26.6] hours in nulliparous pa-
tients and 9.4 [5.9–15.3] hours in multiparous patients
in a large population-based cohort (Tilden et al.,
2023). Timing is also difficult to predict: models
using maternal characteristics with or without cervi-
cal dilation had AUROC 0.65–0.66 for spontaneous
labor onset (Sanusi et al., 2023), consistent with the
lack of a clinically accepted objective measure of cer-
vical change (Feltovich, 2017). Thus, knowing that a
tracing is near delivery is itself a difficult prerequisite
for deploying terminal classification models. An aci-
demic delivery in 20 minutes and one in 14 hours have
the same label but very different clinical implications.
What is missing from terminal classification is

time. We therefore reformulate EFM-based acidemia
prediction as a landmark time-to-event problem.
Our contributions are as follows. We define the tar-

get as acidemic-delivery risk within a horizon, rather
than acidemia conditional on imminent delivery. We
propose competing-risks and marked point-process
models (Fine and Gray, 1999; Lee et al., 2018; Du
et al., 2016; Shchur et al., 2021) for a terminal deliv-
ery event with an ordinal, partially observed acidemia
mark. Both retain delivery-time supervision from
tracings without a measured cord gas, allowing train-
ing on more than 90,000 labor tracings comprising
1.2 million monitoring hours. We evaluate horizon-
specific acidemia risk and delivery timing at elapsed-
time and end-time landmarks.

2. Background

2.1. Computerized EFM Interpretation

Computerized CTG systems have long extracted
expert-derived EFM features, with clinical evidence
reviewed extensively (Ben M’Barek et al., 2023;
Mendis et al., 2023; Campanile et al., 2020). The

rule-based fetal reserve index combines CTG and
clinical features (Evans et al., 2023), while deceler-
ation area in the final 120 minutes predicts acidemia
(AUROC 0.76 [0.72–0.80]) (Cahill et al., 2018).

AI-EFM studies have explored convolutional net-
works, LSTMs, transformers, and related mod-
els (Petrozziello et al., 2018, 2019; McCoy et al.,
2024; Mendis et al., 2025). They frame fetal com-
promise as a binary outcome using a fixed end-of-
tracing segment, which supports retrospective dis-
crimination but assumes proximity to delivery. For
example, Mendis et al. (2024) apply their classifier
within the latest 60 minutes of CTU-UHB recordings;
their “time to predict” begins at the start of that
end-of-labor segment. Many models use CTU-UHB,
a database of 522 tracings containing only the final
90 minutes before delivery (Chudáček et al., 2014).

Existing terminal classification models establish
that tracing features can discriminate fetal compro-
mise, including within retrospectively selected end-
of-labor windows, but do not provide a prospective,
time-indexed risk for an ongoing labor.

No prior AI-EFM study has estimated the horizon-
specific joint probability of delivery and acidemia
from an ongoing tracing. Using full tracings from
more than 124,000 labors, we distinguish imminent
acidemic delivery from acidemia later in labor while
estimating time remaining to delivery.

2.2. Time to Event Models

Time-to-event models estimate the probability of an
event within any chosen horizon.

With competing risks, the cumulative incidence
gives the probability of a particular mutually exclu-
sive event type by that horizon (Cox, 1972; Fine and
Gray, 1999; Andersen et al., 2012; Putter et al., 2007).
DeepHit directly learns discrete-time cumulative in-
cidence functions (Lee et al., 2018).

Landmarking applies the model repeatedly as in-
formation arrives, conditioning on the history avail-
able at each landmark and predicting residual time
without future observations (van Houwelingen, 2007;
Zheng and Heagerty, 2005). For EFM, delivery is the
terminal event and cord pH is its mark.

Marked point processes model events and their
associated labels (Du et al., 2016; Reinhart, 2018;
Shchur et al., 2021). Our marked model factorizes the
joint probability into delivery timing and acidemia.

Unlike standard survival settings, delivery is ob-
served, acidemia is an ordinal mark that is some-
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times missing, and the input evolves continuously.
We therefore estimate joint delivery–acidemia risk
while retaining delivery-time supervision when pH is
missing.

3. Methods

3.1. Task Formulation

For patient i we observe a multichannel physiological
signal Xi(u) ∈ Rd sampled over an interval [0, τi],
where u is time since the start of the retained tracing
and τi is the final tracing sample, taken to coincide
with delivery. The channels are FHR and TOCO.
Let Mi ∈ R denote the cord pH at delivery, and let
Ri = 1 when it is observed and Ri = 0 otherwise.
For a threshold c define the acidemia indicator:

Ac,i = 1{Mi < c}. (1)

Thus, Ac,i is observed only when Ri = 1.

Prediction is made at a landmark time t ∈ [0, τi).
Let X[a,b] = {X(u) : a ≤ u ≤ b} be the segment
of tracing between two times. At the landmark, the
only admissible information is X[0,t], namely every-
thing recorded up to t. The quantity of interest is
the remaining time to delivery

T (t) = τ − t. (2)

We drop the patient subscript i except where pairs
of patients are compared. For a fixed landmark,
we abbreviate T = T (t). In this study, a model
does not ingest all of X[0,t] but a fixed-width window
x = X[t−w, t] of width w ending at the landmark. In
principle the model could ingest a sequence of such
windows recurrently, which we do not explore here.

This is referred to as the landmarking construction
of dynamic prediction (van Houwelingen, 2007; Zheng
and Heagerty, 2005): rather than modeling the full
longitudinal process jointly with the event, we fit a
model of the residual event time conditional on X[0,t],
and re-apply it as t advances.

3.2. Estimands

The principal clinical target is the probability that
an acidemic delivery occurs within a forecast horizon
h:

Fc(h | X[0,t]) = Pr
(
T (t) ≤ h, Ac = 1

∣∣X[0,t]

)
. (3)

This joint risk factors into imminent-delivery risk
and conditional pH risk:

Fc(h | X[0,t]) = Pr
(
T (t) ≤ h

∣∣X[0,t]

)︸ ︷︷ ︸
imminent delivery

× Pr
(
Ac = 1

∣∣T (t) ≤ h, X[0,t]

)︸ ︷︷ ︸
acidemia given

imminent delivery

. (4)

Terminal classification models for EFM (Spilka
et al., 2017; Cahill et al., 2018; Petrozziello et al.,
2019; McCoy et al., 2024) estimate only the second
term, i.e., the severity of pH given that delivery is
imminent:

πc(h | X[0,t]) = Pr
(
Ac = 1

∣∣T (t) ≤ h, X[0,t]

)
. (5)

The conditional-pH-risk estimand in Eq. (5) con-
ditions away the delivery-timing question entirely. It
is appropriate for decisions when delivery is known,
but cannot alone define an alert criterion.

We report the probability of delivery within the
time horizon, Pr(T (t) ≤ h | X[0,t]), as a third tar-
get, both because it is clinically useful and because
it is the factor that separates the joint-risk estimand
in Eq. (3) from the conditional-pH-risk estimand in
Eq. (5). Forecasting delivery timing distinguishes an
imminent acidemic delivery from an acidemic delivery
that is still remote, and determines whether a pH-risk
prediction can support a time-sensitive intervention.

3.3. Deep Time to Event Models

Our problem differs substantially from that of con-
ventional survival analysis: delivery is an observed
terminal event for every retained pregnancy, whereas
cord pH is an ordinal mark missing for some deliv-
eries. Thus, missing pH denotes an unobserved de-
livery mark, not a censored delivery: the delivery is
observed for every retained pregnancy, and its timing
remains known. As a result, the standard discrete-
time survival model does not fit neatly onto this task.

Following DeepHit (Lee et al., 2018) as imple-
mented in pycox (Kvamme et al., 2019), we discretize
remaining time into L bins with upper boundaries
κ1 < · · · < κL and write ℓ(s) ∈ {1, . . . , L} for the
bin containing duration s. The final layer produces
logits ϕ ∈ RJ×L, where J indexes “causes” (e.g., an
acidemic outcome category) and J = 1 in the single-
risk case.

For the discrete-time heads, p̂j(ℓ) is the probabil-
ity mass assigned to delivery-time bin ℓ and cause
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j.It is obtained from a softmax over cause–bin cells,
augmented by one extra “no event within the grid”
cell:

p̂j(ℓ) =
expϕjℓ

1 +
∑J

j′=1

∑L
ℓ′=1 expϕj′ℓ′

,

p̂0 =
1

1 +
∑J

j′=1

∑L
ℓ′=1 expϕj′ℓ′

.

(6)

Here, p̂0 is the probability of no delivery within the
discretized grid.
The challenge is therefore to design a loss function

that can be optimized effectively, encourages the out-
puts to form a valid cumulative probability distribu-
tion, and allows the model to leverage the temporal
structure of the problem. We consider two parame-
terizations of this delivery process: one directly mod-
els the joint distribution of delivery time and pH cat-
egory; the other factors these into delivery-time and
delivery-time-conditioned pH-mark distributions.

3.3.1. Competing risks: a joint cause–time
model

For the competing-risks formulation, observed pH
values are partitioned into mutually exclusive cate-
gories defined by different thresholds, ordered from
most to least acidemic. Let Ej ∈ {1, . . . , J} denote
this category, so that Ack,i = 1{Ej ≤ k}. The joint
cause–time model directly parameterizes the prob-
ability mass of each delivery-time and pH-category
combination:

p̂j(ℓ | x) = Pr(ℓ(T ) = ℓ, E = Ej | x). (7)

We define the cause-specific cumulative incidence
as F̂j(ℓ | x) =

∑
r≤ℓ p̂j(r | x). Risk at a pH category

ck is then a partial sum over categories, calculated
as:

F̂ck(h | x) =
∑
j≤k

∑
ℓ:κℓ≤h

p̂j(ℓ | x), (8)

This cumulative incidence function is automati-
cally monotone in k, allowing one model to serve ev-
ery threshold.
For a batch of N landmark examples, let ℓi =

ℓ(Ti).Let ei = Ei when Ri = 1, and reserve ei = 0
for a delivery whose pH was not measured.Split the
batch into O = {i : ei ̸= 0} and M = {i : ei = 0}.We
set a loss component associated with an empty sub-
set to zero.For pH-observed rows, the cause-specific
negative log-likelihood is:

Lnll
O = − 1

|O|
∑
i∈O

log p̂ei(ℓi | xi). (9)

Let F̂j(ℓ | x) =
∑

r≤ℓ p̂j(r | x) denote the cause-
specific cumulative incidence.Because delivery is ob-
served for every retained pregnancy, the comparabil-
ity mask selects pairs in which i delivers strictly be-
fore i′, namely Wii′ = 1{ℓi < ℓi′}.The cause-specific
ranking term is:

Lrank
O =

J∑
j=1

1

|O|2
∑
i∈O

1{ei = j}
∑
i′∈O

Wii′

× exp

(
− F̂j(ℓi | xi)− F̂j(ℓi | xi′)

σ

) (10)

This smooth surrogate penalizes an earlier delivery
of cause j when it receives lower cumulative inci-
dence at its delivery time than a later delivery.Here,
σ > 0 is a ranking-temperature hyperparameter;
smaller values impose a steeper penalty for incor-
rectly ordered pairs.For pH-missing rows, the delivery
bin is known but the cause is not.Their loss marginal-
izes the joint mass over causes and ranks delivery
times using the all-cause cumulative incidence.Let
F̂•(ℓ | x) =

∑J
j=1 F̂j(ℓ | x) denote that cumulative

incidence.

Lnll
M = − 1

|M|
∑
i∈M

log

J∑
j=1

p̂j(ℓi | xi),

Lrank
M =

1

|M|2
∑
i∈M

∑
i′∈M

1{ℓi < ℓi′}

× exp

(
− F̂•(ℓi | xi)− F̂•(ℓi | xi′)

σ

)
,

Lmarg
M = αLnll

M + (1− α)Lrank
M .

(11)
The partial-label objective in Eq. (11) lets pH-missing
samples train delivery timing without contributing
pH-category supervision.

Following competing-risks DeepHit (Lee et al.,
2018), pH-observed rows contribute a convex com-
bination of a likelihood term and a ranking term.
We extend this objective to pH-missing deliveries
by marginalizing their likelihood over pH categories.
Each batch is split into pH-observed samples, O, and
pH-missing samples, M. The compact batch objec-
tive is:

L =
|O|
N

[
αLnll

O + (1− α)Lrank
O

]
+

|M|
N

[
αLnll

M + (1− α)Lrank
M

]
.

(12)
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Here, α ∈ [0, 1] trades off the observed-cause like-
lihood and ranking terms. For pH-missing samples,
α and (1−α) weight the marginal likelihood and all-
cause ranking loss, respectively. The cause-specific
and all-cause ranking terms are evaluated within O
and M, respectively, so each sample contributes to
one likelihood and one ranking objective.

3.3.2. Marked point process: a factored
time–mark model

As in temporal marked point processes (Reinhart,
2018), the second formulation we propose factors the
joint distribution of delivery time (the event) and pH
(the mark) into a timing distribution and a time-
conditioned mark distribution:

Fc(h | x) =
∑

ℓ:κℓ≤h

Pr
(
ℓ(T ) = ℓ | x

)
× Pr

(
Ac = 1 | ℓ(T ) = ℓ, x

)
.

(13)

The two factors are modeled by distinct heads that
make use of a shared encoder. The delivery head
emits logits ϕ ∈ RL over time bins, converted to p̂(ℓ)
by the discrete-time softmax in Eq. (6) with J = 1.

For the marked formulation, K = 4 denotes the
number of pH thresholds. The mark head emits logits
ψ ∈ RL×K—one per time bin and threshold—with:

π̂k(ℓ | x) = sigmoid(ψℓk). (14)

This is the conditional probability that pH falls
below ck given delivery in bin ℓ. The marked time–
risk factorization in Eq. (13) gives the predicted risk,

F̂ck(h | x) =
∑

ℓ:κℓ≤h

p̂(ℓ | x) π̂k(ℓ | x). (15)

The model’s conditional pH risk, corresponding
to the conditional-pH-risk estimand in Eq. (5), is

F̂ck(h | x)
/∑

ℓ:κℓ≤h p̂(ℓ | x) whenever the denomi-
nator is positive.

Only rows with observed pH supply a mark tar-
get. They define the mark loss, Lmark, a binary cross-
entropy over thresholds evaluated at the observed de-
livery bin and masked by Ri (Eq. 16). The marked
model applies the ordinary single-risk DeepHit de-
livery loss to all rows.Only rows with observed pH
contribute a mark target.Writing aik = Ack,i for the
cumulative threshold label, the additional mark loss
is a binary cross-entropy over thresholds evaluated at

the observed delivery bin:

Lmark = − 1

K
∑

iRi

∑
i:Ri=1

K∑
k=1

[
aik log π̂k(ℓi | xi)

+ (1− aik) log
(
1− π̂k(ℓi | xi)

)]
.

(16)
Thus, the mask keeps pH-missing deliveries in the
timing loss and out of the pH loss without a separate
marginalization term.

Let Lnll
del and Lrank

del denote the ordinary single-risk
DeepHit likelihood and ranking losses, respectively,
evaluated on all N rows. Then the full objective is:

L = αLnll
del + (1− α)Lrank

del + wmark Lmark, (17)

with wmark = 1 by default.

3.3.3. Formulation comparison

The competing risks and marked point process formu-
lations have practical differences worth noting. Both
can train on all labors, including those without pH
results; the marked model’s delivery head does this
with the ordinary single-risk objective, whereas the
competing-risks model requires a partial-label objec-
tive (Eq. (11)). These are subtly different targets,
as the competing risks training specifically pressures
correct delivery time ranking within pH categories
when pH labels are present. Second, the marked
model’s K binary mark heads are trained indepen-
dently, so threshold nesting is not guaranteed un-
der the binary cross-entropy objective; the categor-
ical competing model gets nesting for free from the
threshold cumulative-incidence calculation in Eq. (8)
but must fit rare categories directly. Third, both
models can obtain the conditional-pH-risk estimand
in Eq. (5) by dividing their threshold-specific cumu-
lative incidence by all-cause delivery risk; however,
the marked model differs by explicitly parameteriz-
ing the time-conditioned pH-mark probabilities that
enter this ratio.

3.4. Data Curation

The main development and evaluation set for this
work was derived from an intrapartum EFM database
obtained from a large academic health system (Uni-
versity of Pennsylvania Health System) with multiple
sites. Inclusion criteria consisted of all intrapartum
EFM data collected from January 1, 2006 to Decem-
ber 31, 2020. Importantly, most of the sites in this
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health system have a universal umbilical cord gas col-
lection policy, meaning that lab results were available
for a large number of deliveries regardless of apparent
risk factors. Most health systems only collect cord gas
based on signs of fetal distress, which limits potential
model development, e.g. Kearney et al. (2024); in our
case this issue was mitigated.
CTG tracings were joined to patient MRNs to ob-

tain umbilical cord gas lab results, including arte-
rial pH. We required laboratory results to be times-
tamped within 30 minutes of the end of EFM as a
quality control. Patients with multiple cord gas re-
sults around the same were excluded to filter out mul-
tiple pregnancies. We thresholded pH at four clini-
cally relevant thresholds: 7.2, 7.15, 7.1, and 7.05, in
order of clinical severity.
Signal Processing The CTG data was resam-

pled at 0.25 Hz, and the retained tracing horizon was
capped at 48 hours. Each model input consisted of
a 900-sample window, corresponding to one hour of
monitoring. A candidate window was retained when
its raw missingness fraction across the physiological
input channels was at most 0.30, with missingness as-
sessed before imputation. Patients with at least one
eligible window were included.

3.5. Model Architectures and Training

Both formulations use a time-series encoder that pro-
duces a fixed-dimensional embedding of each input
window for their outcome heads. We use Inception-
Time, a one-dimensional convolutional neural net-
work, as the encoder (Ismail Fawaz et al., 2019, 2020),
because it performed best in prior EFM work (Mc-
Coy et al., 2024). InceptionTime consists of a set
of modules that apply a channel bottleneck, paral-
lel convolutions at several kernel widths, and a par-
allel max-pooling branch; modules are stacked with
residual connections and terminated by global aver-
age pooling. We configured the encoder to produce a
128-dimensional embedding.
Models output 11 discrete delivery-time bins, cor-

responding to 0, 10min, 20min, 40min, 1h, 2h, 4h, 8h,
14h, 24h, and 48h. The competing-risks head consists
of five independent cause-specific MLPs, each produc-
ing logits for the 11 delivery-time bins. Their outputs
are stacked into a 5 × 11 cause–time logit array and
jointly normalized by the competing-risks softmax.

4. Experiments

We evaluated marked point-process and competing-
risks models for delivery timing and pH-threshold

marks at different landmarks from full FHR/TOCO
tracings and post-delivery laboratory measurements.
We optimized kernel width, depth, and sampling
strategy; appendices A and B report model parame-
ter and sweep settings.

Patient-level train, validation, and test assign-
ments were fixed throughout; validation supported
early stopping and model selection, while test data
were reserved for final evaluation. Chunks were
forward-filled with pre-imputation observation-mask
and elapsed-time channels. Models used Adafactor
with repeated cosine annealing (Loshchilov and Hut-
ter, 2017), trained for up to 100 epochs with 30-epoch
early stopping, and restored the lowest-validation-
loss checkpoint.

4.1. Metrics

At each landmark, evaluation used only informa-
tion available up to that time. We evaluated start-
landmarks at 1, 6, 12, and 20 hours with 1-, 2-, and
4-hour horizons, and end-landmarks at 0, 20, 40, and
60 minutes before delivery. Our primary measure was
acidemic delivery by horizon: AUROC for acidemic
delivery within a horizon, with all other patients as
controls. We also evaluated acidemia AUROC at
each end-landmark. For delivery timing, we com-
puted Antolini concordance (Antolini et al., 2005)
and the AUROC of delivery by horizon. We used
100 patient-level percentile-bootstrap resamples for
95% confidence intervals.

4.2. Baselines

We evaluated three baselines. We used a CTG-only
fetal reserve index (Evans et al., 2023) with Cox
regression for acidemic delivery, called Rule Based.
We trained landmark-specific XGBoost Cox models
using 23 EFM features from Vargas-Calixto et al.,
with clinically defined features following FIGO guide-
lines (Ayres-de-Campos et al., 2015).

Finally, we trained an InceptionTime terminal clas-
sifier, following McCoy et al. (2024), trained on the
final hour of pH-labeled FHR/TOCO tracings at
0.25 Hz with multi-label binary cross-entropy. Be-
cause it does not model delivery timing, it provides a
pH-risk, not time-to-delivery, baseline. Training de-
tails are reported in Appendix C.

4.3. External validation on CTU-UHB.

We externally validated on the 522 CTU-UHB
recordings (Chudáček et al., 2014), resampled to

6



TTE Models for Fetal Monitoring

0.25 Hz and labeled at the same pH thresholds. No
CTU data were used for training, selection, or fine-
tuning. Because recordings contain only the final 90
minutes of labor, we evaluated the 0- and 20-minute
end-landmarks.

5. Results

5.1. Cohort Construction and Characteristics

Of 124,777 raw EFM files, 120,403 were retained;
119,261 (99.1%) were preserved in full and 1,142
(0.9%) were truncated to their final 48 hours. Af-
ter removing 1,180 possible twins, 33,205 patient–
lab-time records remained. Linkage yielded 30,829
tracing–cord-lab pairs, including 14,201 arterial pH
labels within 30 minutes of tracing end. Delivery-
time supervision included 108,046 training and 4,648
validation traces; the pH-labeled cohort included
8,508 training and 2,163 validation traces. The 3,530
held-out test patients were evaluated for both out-
comes. Appendix D illustrates cohort construction.

Most pH values were above 7.20; prevalences be-
low 7.20, 7.15, 7.10, and 7.05 were 20.9%, 9.1%, 3.3%,
and 1.3%. Median maternal age was 28.0 years (IQR,
23.0–32.0) and gestational age was 39.3 weeks (IQR,
38.3–40.1). Participants were 62.8% Black, 19.3%
White, 7.3% Asian, 4.4% Hispanic or Latino, 0.7%
East Indian, and 5.6% other or unknown.

5.2. Acidemic Delivery Risk Across Labor

Table 1 reports 1-hour acidemic-delivery AUROC
across models and landmarks; the threshold-specific
table appears in Appendix E and AP-lift table ap-
pears in Appendix F. Marked DeepHit was best ex-
cept at one setting, with AUROCs ranging from 0.837
[0.692–0.970] to 0.935 [0.858–0.964].

Figure 1 shows macro-pH AUROC for acidemic de-
livery predicted up to 4 hours before delivery. Across
methods, average performance declines as the fore-
cast horizon increases. The rule-based method per-
forms below random guessing at the 6-hour labor
landmark and near random across the remaining eval-
uated horizons and landmarks. The InceptionTime
terminal model outperformed both rule-based and
XGBoost baselines in three settings: 1-, 2-, and 4-
hour horizons at the 12-hour landmark. Marked
DeepHit performed best in all but one setting, with
AUROC above 0.7 across the 1-, 6-, 12-, and 20-hour
landmarks and 1-, 2-, and 4-hour horizons.

5.3. Delivery-Time Discrimination

Figure 2 evaluates acidemia prediction at landmarks
before tracing end across all available tracings. AU-
ROCs are modest (between 0.6–0.8) and broadly sim-
ilar across models, with the last-hour InceptionTime
classifier performing best at tracing end. Thus, when
tracing end is known, models have comparable abil-
ity to predict pH thresholds, with performance gen-
erally declining farther from the end. Earlier end-
landmarks include fewer tracings since short record-
ings cannot support the required horizon.

Figure 3 reports discrimination for delivery within
one hour at elapsed-time landmarks. The Inception-
Time terminal model, which does not model time to
delivery, performs at chance (AUROC 0.5), whereas
both time-to-event models substantially outperform
the baselines. Delivery prediction becomes easier
at later landmarks, likely because elapsed time pro-
vides information about proximity to delivery. Al-
though acidemia discrimination is modest in Figure 2,
the proposed models show strong delivery-timing dis-
crimination – a capability unavailable to terminal
classifiers and poorly captured by the baselines. More
tracings are available for this outcome since cord-pH
measurement is not required. Antolini concordance
results are reported in Appendix G.

Marked DeepHit discriminated delivery within one
hour with AUROC of 0.685 [0.679–0.692] at the 1-
hour landmark, 0.831 [0.824–0.837] at 6 hours, and
0.869 [0.862–0.875] at 12 hours. Its AUROC was
0.842 [0.833–0.854] at the 20-hour landmark, exceed-
ing the corresponding XGBoost AUROC of 0.776
[0.743–0.804].

5.4. Terminal Discrimination and
Delivery-Risk Stratification

Figures 4 and 5 assess terminal acidemia discrimi-
nation and the temporal structure of delivery risk,
respectively. The terminal classifier performed best
when its end-of-tracing assumption holds: at tracing
end, it achieves macro-pH AUROC of 0.779 [0.755–
0.810], compared with 0.717 [0.688–0.746] for Marked
DeepHit and 0.727 [0.700–0.751] for XGBoost. The
Marked DeepHit risk distributions show generally
higher predicted risks as delivery approaches and
lower risks when more time remains, suggesting that
the model captures temporal proximity to delivery.

5.5. External Validation

Table 2 reports discrimination for acidemic delivery
within a one-hour forecast horizon across elapsed-

7
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Table 1: Test-set macro pH AUROC for acidemic delivery within a 1-hour forecast horizon. Horizons of 12
and 48 hours are omitted. The best estimate and interval in each landmark–pH-category row are
bolded.

Landmark (h) Rule-based XGBoost InceptionTime (last-hour) Competing-risk DeepHit Marked DeepHit

1 0.589 [0.484–0.684] 0.753 [0.547–0.936] 0.624 [0.447–0.768] 0.813 [0.584–0.902] 0.891 [0.773–0.980]
6 0.253 [0.106–0.419] 0.561 [0.432–0.790] 0.550 [0.421–0.741] 0.767 [0.711–0.907] 0.837 [0.692–0.970]
12 0.589 [0.536–0.711] 0.722 [0.587–0.817] 0.836 [0.717–0.905] 0.907 [0.835–0.951] 0.935 [0.858–0.964]
20 0.612 [0.440–0.729] 0.665 [0.545–0.857] 0.585 [0.223–0.852] 0.825 [0.740–0.901] 0.748 [0.529–0.920]
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Figure 1: Test-set macro-pH AUROC for acidemic delivery within forecast horizons of up to four hours at
elapsed-time landmarks.
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Figure 2: Test-set AUROC for acidemic delivery at
landmarks before tracing end.

time landmarks and pH thresholds on the CTU-UHB
external dataset. The classification model trained
with last hour of tracings achieved the best perfor-
mance predicting acidemic delivery right at the end
of tracings, achieving an AUROC of 0.722 [0.665–
0.767]. When a horizon landmark of 20 minutes is
taken into account, the Marked DeepHit achieved
the best performance, achieving an AUROC of 0.688
[0.620–0.768].
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Figure 3: Test-set AUROC for delivery within one
hour at elapsed-time landmarks.

6. Discussion and Conclusion

This work reframes intrapartum AI-EFM for prospec-
tive deployment and demonstrates the importance of
landmark-time evaluation. Classifiers trained only on
the final-hour tracings underperform elsewhere dur-
ing labor, suggesting real-world analyses must ac-
count for time to delivery. Deep time-to-event models
like Marked DeepHit accurately rank near-term de-
livery risk across landmarks and exhibit competitive
acidemia discrimination near tracing end.
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Figure 4: Test-set ROC curves for acidemia at the tracing end across all available model families.
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Table 2: External CTU-cohort AUROC at 0 and 20
minutes before delivery.

Model Landmark AUROC

Rule-based
0 min 0.573 [0.518–0.631]

20 min 0.543 [0.482–0.607]

XGBoost Cox
0 min 0.655 [0.605–0.703]

20 min 0.570 [0.495–0.643]

InceptionTime (last hour)
0 min 0.722 [0.665-0.767]

20 min 0.667 [0.592–0.725]

Competing-risk DeepHit
0 min 0.548 [0.495–0.605]

20 min 0.661 [0.604–0.737]

Marked DeepHit
0 min 0.702 [0.644–0.743]

20 min 0.688 [0.620-0.768]

Our results also distinguish delivery-time discrimi-
nation from acidemia discrimination. Delivery within
a one-hour horizon was predicted substantially better
than acidemia at earlier landmarks, demonstrating
that delivery timing is an informative and accessible
target.

Several limitations of our study should be noted.
External validation was limited to end-of-tracing
recordings available publicly; future work should ex-
ternally validate elapsed-time landmark performance.

This retrospective analysis uses only FHR and TOCO
and does not establish clinical benefit or account for
clinical information available to care teams. Cord
pH was missing for some deliveries; although the site
has a uniform collection policy and our loss retains
delivery-time supervision, missingness may still be
related to unmeasured confounders like fetal status
or clinical concern. Prospective multicenter studies
should assess calibration, alert burden, clinical deci-
sions, and additional outcomes.

Overall, time-to-event EFM models may offer a
more deployable and clinically meaningful target
than end-of-tracing classification alone by provid-
ing a prospective delivery-risk signal while updating
acidemia risk as delivery approaches.
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Appendix A. Deep time to event
network configuration

The encoder input consists of the toco and fecg

channels, an elapsed-time channel, and a imputation
observation channel. The input window contains 900
samples, corresponding to 3, 600 seconds (1 hour) at
a sampling frequency of 0.25 Hz.
Missing values are forward-filled after chunk se-

lection. Chunks with a raw missingness frac-
tion above 0.30 are considered ineligible, while
the observation-mask channels preserve information
about pre-imputation observability. The model is
optimized using Adafactor with β2 decay = −0.8,
ϵ = (None, 10−3), a relative-step scale/cap of d = 1.0,
an update clipping threshold of 1.0, and no weight de-
cay. The learning rate follows a repeated cosine an-
nealing schedule (Loshchilov and Hutter, 2017) with
an initial value of 1×10−2, a linear warm-up over 5%
of the planned optimizer updates, and a decay to 1%
of the initial value (1× 10−2).

Training is performed for a maximum of 100 epochs
with an early-stopping patience of 30 epochs. The
model weights corresponding to the lowest validation
loss are always restored before evaluation. The batch
size is 2048 chunks/PID examples.
The DeepHit loss uses α = 0.5 and σ = 0.2

throughout. The marked loss uses a multiplier of
1.0 and masked binary cross-entropy at the observed
delivery-time bin. The competing-risks loss uses the
partial-label competing DeepHit formulation with a
missing-delivery loss multiplier of 1.0.
The cause-specific competing-risks head consists of

one independent head per cause, with hidden-layer
widths of (128, 64), batch normalization enabled, and
dropout of 0.2.

Appendix B. Parameter sweep

Ismail Fawaz et al. (2020) adapt the receptive field
of a network for time-series data as its field of view
for detecting patterns. For a sequential convolutional
path with unit strides and no dilation, its receptive
field is 1 +

∑
i(ki − 1). In our InceptionTime archi-

tecture, each residual block contains three sequential
modules, and the longest path through each module
uses the largest kernel kmax from its parallel convolu-
tional branches. Thus, for dblocks residual blocks, the
receptive field is

RF = 1 + 3dblocks(kmax − 1). (B.1)

that increasing filter length grows the RF linearly
in k, while increasing depth grows it only linearly in
d with a much smaller slope — and that on real UCR
datasets, deeper networks tend to overfit without im-
proving accuracy, whereas longer filters reliably help
up to the point where they start to overfit smaller
datasets.

Because our series are moderately long (900 sam-
ples corresponding to 1 hour of tracing data col-
lected at 0.25 sample rate, 2 channels), we focus the
optimization to two hyperparameters directly tied
to the RF: the Inception filter-length triple, scaled
from the paper’s default {10, 20, 40}, and corrected
to odd values as required by the implementation’s
padding scheme (yielding {9, 19, 39}, {5, 9, 19}, and
{19, 39, 79}), and the network depth, expressed as the
number of residual blocks of three Inception modules
each (dblocks ∈ {1, 2, 3}, spanning the paper’s default
of 2 blocks / 6 modules).

In our implementation of InceptionTime, each
depth corresponds to the number of InceptionTime
blocks, where each block consists of three Inception
modules, each containing three parallel convolutions
with different kernel sizes and one max-pooling layer,
followed by a residual shortcut. We set nfilters = 32,
nbottleneck = 32 at InceptionTime’s published de-
faults.

Table 3: Receptive field (RF; calculated by Eq. B.1)
and fraction of the 900-sample series it cov-
ers, for each swept combination of filter-
length triple {k1, k2, k3} and depth dblocks
(each block = 3 Inception modules). Bold
marks the InceptionTime default configura-
tion.

Depth (blocks / modules)

Kernel sizes 1 / 3 2 / 6 3 / 9

{5, 9, 19} 55 (6%) 109 (12%) 163 (18%)
{9,19,39} 115 (13%) 229 (25%) 343 (38%)
{19, 39, 79} 235 (26%) 469 (52%) 703 (78%)

B.1. Train sampling regime

The training-sampling regime was treated as an ex-
perimental factor because it changes the distribution
of observable landmarks presented during training
and can therefore affect joint delivery-time and pH-
mark prediction, especially given that unlabeled data
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is using mixed with labeled data. Training traces are
streamed lazily, with one or more selected chunks per
patient per epoch according to a sampling regime.
We considered the following policies. The

stratified elapsed regime divided each patient’s
observable tracing interval into four elapsed-
time strata and rotated patients through these
strata across epochs, balancing time since trac-
ing start without using delivery information. The
terminal balanced regime alternated the four
elapsed-time strata with four delivery-relative strata
covering 0–10, 10–30, 30–50, and 50–70 minutes be-
fore delivery. This provided a balanced mixture of
ordinary elapsed-time examples and examples near
the fixed 0-, 20-, 40-, and 60-minute end landmarks.
The quartiles plus terminal regime sampled five
chunks per patient per epoch: one eligible chunk from
each of four elapsed-time quartiles and one additional
eligible chunk ending within 20 minutes of delivery.
Finally, the all strata regime enumerated every el-
igible, aligned, non-overlapping chunk available for
a patient, and used 4 chunks sampled uniformly for
each patient. For the delivery-relative policies, deliv-
ery time was used only to select retrospective training
chunks and was never supplied as a model input.

B.2. Model sizes

Table 4 reports the number of trainable parameters
for each configuration evaluated in the architecture
sweep. The configurations are grouped by prediction
mode, network depth, and Inception module kernel-
size triple. The parameter count increases with both
network depth and kernel size, while the competing-
risk configuration has a larger number of parameters
than the corresponding classifier configuration due to
its cause-specific prediction heads.

B.3. Model selection

For each neural model family, we selected a single
configuration using the validation set only. Candi-
date configurations varied in InceptionTime architec-
ture and training-sampling regime. We ranked can-
didates by their mean macro-pH AUROC across all
available acidemic-delivery forecast-horizon evalua-
tions and end-landmark evaluations, and retained the
highest-scoring configuration within each family for
held-out test evaluation. For Marked DeepHit, this
procedure selected a forward-filled InceptionTime en-
coder with three inception blocks and kernel sizes
{9, 19, 39} (receptive field 343 samples; 38% of the

Table 4: Number of trainable parameters for each
configuration in the architecture sweep.
Configurations are grouped by prediction
mode, depth, and Inception module kernel-
size triple.

Mode Depth Kernel sizes Parameters

Competing 1 / 3 {5, 9, 19} 249,533
Competing 1 / 3 {9, 19, 39} 353,981
Competing 1 / 3 {19, 39, 79} 569,021
Competing 2 / 6 {5, 9, 19} 392,893
Competing 2 / 6 {9, 19, 39} 601,789
Competing 2 / 6 {19, 39, 79} 1,031,869
Competing 3 / 9 {5, 9, 19} 536,253
Competing 3 / 9 {9, 19, 39} 849,597
Competing 3 / 9 {19, 39, 79} 1,494,717

Marked 1 / 3 {5, 9, 19} 127,613
Marked 1 / 3 {9, 19, 39} 232,061
Marked 1 / 3 {19, 39, 79} 447,101
Marked 2 / 6 {5, 9, 19} 270,973
Marked 2 / 6 {9, 19, 39} 479,869
Marked 2 / 6 {19, 39, 79} 909,949
Marked 3 / 9 {5, 9, 19} 414,333
Marked 3 / 9 {9, 19, 39} 727,677
Marked 3 / 9 {19, 39, 79} 1,372,797

input window), trained with the terminal balanced

regime. For Competing-risk DeepHit, this proce-
dure selected a forward-filled InceptionTime encoder
with two inception blocks and kernel sizes {5, 9, 19},
trained with the quartiles plus terminal regime.
The rule-based, XGBoost, and last-hour classifier
baselines were fixed comparators and were not se-
lected from this sweep.

Appendix C. Last-hour model

The last-hour model used a two-channel Inception-
Time classifier operating on 60-minute windows of fe-
tal heart rate and uterine activity sampled at 0.25 Hz.
It was trained using the same patient cohort, labels,
and train–validation–test splits as the time-to-event
(TTE) models, but using only the final hour of each
tracing.

The network consisted of two Inception blocks,
each containing three sequential Inception modules
with residual connections. Each convolutional branch
used 32 filters, with 32-channel bottleneck convolu-
tions and kernel sizes of (39, 19, 9) samples, together
with a three-wide max-pooling branch. Global aver-
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age pooling produced a 128-dimensional representa-
tion followed by a linear output layer.
The model produced four logits corresponding to

four cord-pH thresholds. It was trained as a multi-
label classifier using binary cross-entropy with logits.
Inputs were scaled and missing values were forward-
filled; windows with more than 30% missing physio-
logical values were excluded. The label configuration
used a 30-minute laboratory-order delay and horizon
zero. Because the model was intended for prediction
from the final hour of the tracing, elapsed time since
tracing start was not provided as an input channel.
Training used the Adam optimizer with an initial

learning rate of 10−4 and a minimum learning rate
of 10−7, a batch size of 64, and a maximum of 200
epochs. Early stopping was applied when validation
AUROC did not improve for 30 epochs.

Appendix D. Data Processing

Figure D.1 gives a breakdown of the preprocessing
and filtering steps leading to the delivery time and
pH labeled cohorts used for training and evaluation.

Appendix E. Threshold-specific
AUROCs

Table 5 report one-hour acidemic-delivery AUROC
across models, landmarks, and pH thresholds.
Marked DeepHit had the highest AUROC point es-

timate in 12 of 20 landmark–pH-category rows, rang-
ing from 0.673 [0.469–0.877] to 0.997 [0.993–0.999].
At the 1-hour landmark, it achieved macro-pH AU-
ROC of 0.891 [0.773–0.980] and pH < 7.1 AUROC of
0.932 [0.886–0.996]. At 12 hours, its macro-pH AU-
ROC was 0.935 [0.858–0.964], and its pH < 7.05 AU-
ROC was 0.997 [0.993–0.999]. The remaining eight
rows favored competing-risk DeepHit; at 20 hours,
it exceeded Marked DeepHit for macro pH (0.825 vs.
0.748) and pH thresholds of 7.1 (0.825 vs. 0.688), 7.15
(0.826 vs. 0.673), and 7.2 (0.849 vs. 0.794).

Appendix F. AP-lift metrics

Table 6 reports Average Precision lift (AP lift,
prevalence normalized average precision) for acidemic
delivery across model families, elapsed landmark

Raw EFM tracing files
n = 124,777

Tracing records retained
Only 1,142 (0.9%)

truncated to 48 hours
n = 120,403

Selected cord-
lab patients
n = 34,414

After exclusion
of possible twins

Excluded: n = 1,180
n = 33,234

Patient–lab-time records
after cleaning
and pivoting
n = 33,205

Paired tracing–
cord-lab records

n = 30,829

pH-labelled
paired records

After 30-minute lab-
order timing filter
Train: n = 8,508

Validation:
n = 2,163

Test: n = 3,530

Delivery-time
supervision
Before per-

window eligibility
Train: n = 108,046

Validation:
n = 4,648

Test: n = 3,530

Figure D.1: STROBE-style flow diagram of cohort
construction from the completed trac-
ing and laboratory preprocessing logs.
The pH-labeled branch applies the 30-
minute laboratory-order timing crite-
rion, whereas the delivery-time branch
retains pH-missing traces for timing su-
pervision.

times, and pH thresholds, using the same 1-hour fore-
cast horizon as the primary AUROC analysis. AP
lift is average precision relative to the observed out-
come prevalence, such that a value of 1 indicates
prevalence-level performance and larger values indi-
cate greater enrichment of acidemic deliveries among
high-risk predictions. The AP lift measures the
amount of times the model detects case in relation
to the base prevalence.
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Table 5: Test-set AUROC for acidemic delivery within a 1-hour forecast horizon. The best estimate and
interval in each landmark–pH-category row are bolded.

Landmark (h) pH category Rule-based XGBoost InceptionTime (last-hour) Competing-risk DeepHit Marked DeepHit

1

Macro pH 0.589 [0.484–0.684] 0.753 [0.547–0.936] 0.624 [0.447–0.768] 0.813 [0.584–0.902] 0.891 [0.773–0.980]
pH < 7.05 0.624 [0.454–0.797] 0.655 [0.353–0.950] 0.464 [0.243–0.686] 0.805 [0.713–0.904] 0.796 [0.729–0.870]
pH < 7.1 0.706 [0.557–0.797] 0.745 [0.510–0.985] 0.621 [0.398–0.747] 0.745 [0.612–0.829] 0.932 [0.886–0.996]
pH < 7.15 0.654 [0.458–0.859] 0.799 [0.607–0.985] 0.756 [0.611–0.912] 0.836 [0.568–0.988] 0.918 [0.771–0.996]
pH < 7.2 0.373 [0.167–0.566] 0.814 [0.650–0.970] 0.656 [0.401–0.875] 0.864 [0.700–0.984] 0.917 [0.809–0.991]

6

Macro pH 0.253 [0.106–0.419] 0.561 [0.432–0.790] 0.550 [0.421–0.741] 0.767 [0.711–0.907] 0.837 [0.692–0.970]
pH < 7.05 0.275 [0.027–0.526] 0.095 [0.029–0.168] 0.444 [0.424–0.461] 0.582 [0.563–0.599] 0.850 [0.837–0.861]
pH < 7.1 0.263 [0.062–0.455] 0.604 [0.353–0.823] 0.677 [0.392–0.975] 0.734 [0.487–0.873] 0.824 [0.591–0.997]
pH < 7.15 0.252 [0.134–0.386] 0.757 [0.635–0.855] 0.542 [0.342–0.770] 0.865 [0.719–0.950] 0.817 [0.595–0.944]
pH < 7.2 0.224 [0.140–0.331] 0.789 [0.710–0.869] 0.537 [0.378–0.662] 0.888 [0.780–0.955] 0.857 [0.735–0.957]

12

Macro pH 0.589 [0.536–0.711] 0.722 [0.587–0.817] 0.836 [0.717–0.905] 0.907 [0.835–0.951] 0.935 [0.858–0.964]
pH < 7.05 0.157 [0.034–0.227] 0.627 [0.601–0.654] 0.972 [0.953–0.989] 0.911 [0.843–0.976] 0.997 [0.993–0.999]
pH < 7.1 0.784 [0.654–0.885] 0.673 [0.447–0.891] 0.808 [0.617–0.971] 0.950 [0.884–0.996] 0.954 [0.877–0.995]
pH < 7.15 0.708 [0.564–0.807] 0.816 [0.688–0.921] 0.823 [0.725–0.912] 0.881 [0.757–0.976] 0.908 [0.813–0.980]
pH < 7.2 0.709 [0.642–0.773] 0.771 [0.696–0.837] 0.739 [0.663–0.813] 0.886 [0.824–0.930] 0.881 [0.823–0.921]

20

Macro pH 0.612 [0.440–0.729] 0.665 [0.545–0.857] 0.585 [0.223–0.852] 0.825 [0.740–0.901] 0.748 [0.529–0.920]
pH < 7.05 0.500 [0.500–0.500] 0.500 [0.500–0.500] 0.464 [0.000–0.938] 0.801 [0.687–0.908] 0.838 [0.677–0.997]
pH < 7.1 0.735 [0.420–0.975] 0.741 [0.553–1.000] 0.618 [0.003–0.944] 0.825 [0.767–0.907] 0.688 [0.312–0.993]
pH < 7.15 0.591 [0.300–0.752] 0.738 [0.465–0.970] 0.697 [0.411–0.953] 0.826 [0.685–0.958] 0.673 [0.469–0.877]
pH < 7.2 0.621 [0.513–0.755] 0.682 [0.543–0.781] 0.561 [0.384–0.698] 0.849 [0.779–0.904] 0.794 [0.691–0.868]
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Figure G.1: Macro-pH Antolini concordance at
elapsed-time landmarks on the test set.

Appendix G. Antolini Concordance
Index

Figure G.1 summarizes macro-pH Antolini concor-
dance across elapsed-time landmarks.

For macro-pH Antolini concordance, Marked Deep-
Hit increased from 0.573 [0.526–0.619] at 1 hour to
0.796 [0.756–0.831] at 20 hours.
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Table 6: Test-set AP lift for acidemic delivery within a 1-hour forecast horizon. AP lift is average precision
divided by outcome prevalence; a value of 1 corresponds to prevalence-level performance. Horizons
of 2 and 4 hours are omitted. The best estimate and 95% confidence interval in each landmark–
pH-category row are bolded.

Landmark (h) pH category Rule-based XGBoost InceptionTime (last-hour) Competing-risk DeepHit Marked DeepHit

1

Macro pH 1.5 [1.2–3.0] 33.2 [4.1–395.9] 2.4 [1.5–11.8] 18.9 [7.6–79.5] 24.9 [11.1–112.2]
pH < 7.05 1.4 [1.2–2.9] 5.2 [1.5–20.4] 1.4 [1.2–3.2] 4.1 [3.4–9.8] 3.6 [3.2–7.5]
pH < 7.1 1.9 [1.3–2.9] 10.3 [1.6–124.1] 1.6 [1.4–4.5] 2.4 [2.0–6.4] 18.2 [6.7–88.5]
pH < 7.15 1.7 [0.9–5.1] 101.4 [2.4–391.4] 4.0 [1.6–20.7] 27.2 [5.9–189.7] 48.3 [18.6–203.4]
pH < 7.2 0.9 [0.8–1.6] 15.8 [5.3–41.0] 2.7 [1.4–9.0] 41.7 [9.0–165.2] 29.7 [13.3–118.2]

6

Macro pH 0.8 [0.8–1.0] 3.6 [2.3–10.0] 6.4 [1.4–86.8] 10.3 [6.2–34.7] 21.9 [8.5–138.0]
pH < 7.05 0.9 [0.8–1.5] 0.8 [0.8–1.2] 1.8 [1.7–1.9] 2.4 [2.3–2.5] 6.7 [6.2–7.2]
pH < 7.1 0.7 [0.7–1.1] 1.6 [1.0–3.9] 17.2 [1.3–131.5] 2.5 [1.8–5.7] 44.8 [3.4–263.2]
pH < 7.15 0.7 [0.7–0.9] 4.2 [2.4–9.5] 3.8 [0.8–17.9] 11.3 [4.0–46.1] 14.7 [6.6–41.7]
pH < 7.2 0.7 [0.7–0.8] 7.7 [3.4–19.7] 2.6 [1.1–10.6] 24.9 [11.3–47.5] 21.4 [7.4–41.8]

12

Macro pH 3.9 [1.5–10.7] 7.9 [3.1–22.0] 12.2 [4.1–32.7] 25.1 [13.2–57.6] 70.1 [19.1–167.7]
pH < 7.05 0.8 [0.8–1.1] 1.8 [1.7–2.8] 28.5 [18.9–76.5] 12.0 [6.0–45.4] 169.5 [94.7–508.6]
pH < 7.1 2.6 [1.6–6.1] 5.8 [1.4–56.9] 7.1 [2.4–23.2] 44.3 [11.3–178.8] 72.7 [19.3–347.5]
pH < 7.15 9.2 [1.4–35.2] 18.8 [5.9–44.3] 8.7 [4.3–18.6] 31.0 [14.4–78.3] 27.0 [10.4–68.3]
pH < 7.2 3.0 [1.6–6.9] 5.1 [3.0–9.5] 4.7 [2.7–8.8] 13.2 [8.0–20.3] 11.2 [7.2–17.4]

20

Macro pH 1.7 [1.1–5.3] 14.7 [1.8–109.6] 3.9 [1.3–11.0] 4.9 [3.7–12.7] 15.0 [2.1–87.9]
pH < 7.05 1.0 [1.0–1.0] 1.0 [1.0–1.0] 3.8 [1.0–15.0] 4.1 [3.0–10.7] 39.7 [2.9–246.4]
pH < 7.1 2.9 [1.2–19.3] 48.8 [1.8–426.5] 4.6 [1.0–20.1] 3.6 [3.1–9.4] 12.0 [1.4–81.8]
pH < 7.15 1.5 [0.9–6.1] 6.8 [1.7–28.2] 5.2 [1.9–18.1] 5.6 [2.7–23.0] 3.8 [1.3–17.6]
pH < 7.2 1.6 [1.0–3.6] 2.3 [1.5–4.4] 1.9 [1.1–4.7] 6.0 [3.3–14.6] 4.4 [2.2–10.6]
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