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Abstract: Patients who are mechanically ventilated in the Intensive Care Unit participate in exercise as a
component of their rehabilitation to ameliorate the long-term impact of critical illness on their physical
function. The effective implementation of these programmes is limited, however, as clinicians do not have
access to a patient’s 7O, values, a physiological measure that quantifies an individual patient’s exercise
intensity level in real-time. In this work we have developed a Bayesian hierarchical model with temporally
correlated latent Gaussian processes to predict ¥ 0, using readily available physiological data, providing
clinicians with information to personalise rehabilitation sessions in real-time. The model was fitted using
the Integrated Nested Laplace Approximation and validated using posterior predictive checks, and the
impact of alternate specifications of the latent process was examined. Assessed using leave-one-patient-
out cross-validation, we show that the ability to provide probabilistic statements describing classification
uncertainty gives the model favourable predictive power compared to a state-of-the-art comparator based
on the oxygen uptake efficiency slope, with a more than seven-fold increase in accuracy in identifying when
a patient is at risk of over-exertion.
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1 Introduction

Patients who are mechanically ventilated in the Intensive Care Unit (ICU) as a result of critical ill-
ness are often left with a range of impairments, due to the pathological effects of critical illness and
its treatments on nerve, muscle cardiac and respiratory function (Guarneri, Bertolini, and Latron-
ico, 2008). This phenomenon is known as post-Intensive Care syndrome (Myers, Smith, Allen, and
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Kaplan, 2016) and can include a decline in physical, psychological and/or cognitive status. More
than 224 000 patients are admitted to Intensive Care in the UK every year (Intensive Care National
Audit and Research Centre, 2019) and only 50% of those previously employed will have returned to
work one year after admission due to ongoing health issues (Kamdar, Suri, Suchyta, Digrande, Sher-
wood, Colantuoni, Dinglas, Needham, and Hopkins, 2020). Reducing the impact of post-Intensive
Care syndrome is therefore a crucial issue.

Rehabilitation sessions while the patient is still receiving mechanical ventilation in the ICU in-
volve progressing patients through activities such as sitting over the edge of the bed and standing
and walking, and are considered to be the best way to ameliorate the impact of critical illness and
its associated treatments on physical function.

The current approach to ICU rehabilitation is based on the default assumption that the
metabolic cost of individual rehabilitation activities does not differ across patients and is similar to
that of healthy individuals, resulting in patients receiving a broad one-size-fits-all approach to reha-
bilitation. This assumption, however, was shown to be invalid by Black, Grocott, and Singer (2020),
who found high levels of variation in absolute exercise intensity both between patients and within
patients over time. This suggests that under the current approach to rehabilitation individuals with
very different physiological profiles receive similar, and often sub-optimal, exercise programmes.

Consequently, patients are often being under- or over-exercised, in the former case receiving
minimal benefit from rehabilitation and in the latter being subjected to severe physiological stress.
To address these issues, a scientific method for quantifying the exercise intensity level of an individual
patient in real-time is required.

Exercise load during rehabilitation can be quantified by measuring a patient’s rate of oxygen
consumption (¥ 0,), but these measurements are not available in many ICU. In addition, the equip-
ment required to measure 0, is costly and requires technical expertise, meaning it is unlikely to be
introduced as a regular feature in critical care in the foreseeable future (Black, Grocott, and Singer,
2015).

While 70, cannot be easily measured in the ICU, data are collected on a number of other phys-
iological covariates as standard, many of which have known relationships to ¥ 0».

The primary contribution of this article is to develop and validate a first-of-its-kind prediction
model of 70, for mechanically ventilated Intensive Care patients, through the development of a
Bayesian hierarchical model with temporally correlated latent Gaussian processes. This model can
provide clinicians with predictions of patients’ levels of absolute exercise intensity allowing rehabili-
tation sessions to be personalised in real-time—both maximising the benefit and minimising poten-
tial harm to the patient.

The structure of this article is as follows. We begin with a presentation of the data in Section
2, followed by a discussion of the model development process in Section 3. In Section 4 we present
our results before assessing predictive performance in Section 5. We conclude with a discussion in
Section 6.

2 Background and data

Rehabilitation in Intensive Care is considered fundamental to improving physical function outcomes
for patients post-ICU. During rehabilitation, patients progress through a number of activities, in-
cluding sitting up in bed, sitting over the edge of the bed and standing up. A key role of the clinician

Statistical Modelling xxxx; xx(x): 1-20



Predicting rates of oxygen consumption in ICU patients 3

Table 1 Physiological variables recorded in the dataset.

Variable  Description

Vo, Rate of oxygen consumption. Measured as the volume of oxygen consumed per minute and stan-
dardised by a patients weight. Values are not readily available for most Intensive Care patients and
are measured through BBGEA.

Vr Tidal volume, the amount of air moved in and out of the lungs during a single breath.
RR Respiratory rate, the number of breaths per minute.
Ve Minute ventilation, the amount of air breathed per minute, defined as the product of tidal volume

and respiratory rate.
PerCO, End-tidal CO;, the amount of CO; in exhaled air on a breath-by-breath basis.
VCO, Volume of exhaled carbon dioxide.

in these sessions is to ensure the patient is receiving the optimal level of exercise load at a given time
and is not being over- or under-exerted. For example, they may finish an activity early if they believe
a patient is being exposed to too much stress, or move onto more strenuous activities if a patient
appears to be receiving no benefit from an exercise.

This is a challenging task, however, as due to the heterogeneous nature of the Intensive Care
population the exercise load of each activity can vary dramatically from patient to patient, and for
a given patient over their stay in the ICU (Black et al., 2020).

The standard measure of exercise load outside of critical care is rate of oxygen consumption
expressed as O, (see Table 1), which provides an indicator of current exertion levels on a breath-
by-breath basis regardless of activity. In an ideal world a clinician would have access to this mea-
surement, and would be able to reactively adjust rehabilitation plans in real-time in response to these
values.

To measure I O, breath-by-breath gas exchange analysis (BBGEA) is used, a common technique
for healthy individuals but one that has only recently been applied to the critical care environment
(Black et al., 2015; Sommers et al., 2019). This method requires a high level of technical expertise
and is difficult and costly to implement consistently (Black et al., 2020). It is therefore unlikely to
become available as standard in Intensive Care in the near future.

This motivates the primary objective of this work—to model and provide predictions of ¥ 0,
based on measurements which are readily accessible in Intensive Care. These predictions can then
be used to personalise rehabilitation sessions as they are being conducted.

In practice, breath-by-breath values of 0, would be useful for clinicians, but challenging to
interpret while also leading a rehabilitation session. Therefore, while O, values are modelled
directly, predicted ¥ 0; is classified as being at rest (O, < 3.5), low (3.5 < V0, < 5), medium
(5 < V0, < 7.5) or high (O, > 7.5), with at rest corresponding to a patient experiencing no exer-
cise load, and high corresponding to a patient being over-exerted. These classifications were de-
veloped in consultation with clinicians working on the study and represent current clinical best
practice.

2.1 Data

The data are from the observational study conducted by Black et al. (2020), which used BBGEA to
take measurements as mechanically ventilated ICU patients participating in various rehabilitation
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activities. All patients in the study had been persistently critically ill and/or mechanically ventilated
for more than 7 days. BBGEA records measurements on a breath-by-breath basis, resulting in high
frequency data consisting of 74 332 measurements from 37 patients and 103 rehabilitation sessions.
Individual measurements are therefore indexed by a continuous time index 7. They are naturally
hierarchical in nature with repeated measurements within sessions and often multiple sessions per
patient.

Available physiological covariates are defined in Table 1. The data are dominated by lower val-
ues of ¥ 0,, with 45.83% and 38.11% of observations classified as rest and low V0, and 2.72%
of observations classified as high. Additionally standard baseline characteristics of patients were
measured such as body mass index (BMI), sex, age and the patient’s pre-admission physical activity
level given by the General Practice Physical Activity Questionnaire (GPPAQ). The Sequential Organ
Failure Assessment (SOFA) score, a measure of organ system performance, was re-assessed before
each session.

Finally the time since the start of the session was recorded, as well as the quality of session as
assessed by the clinician running the study (classified as good, reasonable or poor), with poorer
quality sessions being potentially more susceptible to measurement error in any of the physiological
covariates, typically due to instability of the ventilator delivered oxygen levels and patients coughing.

2.1.1 Exploratory analysis

Exploratory analysis revealed a number of relationships between covariates in the data. Figure 1 fea-
tures example plots of these relationships for individual rehabilitation sessions. Figure 1 (A) shows
us that while there is a non-linear relationship between V7 and ¥ 0, on the natural scale, this rela-
tionship is brought closer to linearity when placed on the log-log scale (see Figure 1 (B)). Figure 1 (C)
shows us that this relationship similarly holds for ¥z—unsurprisingly given that ¥ is the product
of V7 and respiratory rate.

Figure 1 (B) features V7 and 77O, measurements from two patients. Note how for each patient,
the relationship between V7 and 70, appears linear, but the gradient differs, indicating that there
is between-patient heterogeneity present. Furthermore, for a small minority of sessions, these re-
lationships were not linear even on the log-log scale as shown in Figure 1 (D). This suggests that
simple clinical rules to predict ¥ O, directly would typically fail in practice, and more sophisticated
modelling tools are required.

For both respiratory rate and PrrC O, there was weak evidence for linear relationships with V0,
when placed on the log-log scale, however examining plots of their product with log( ¥7) against ¥ 0,
suggested that interactions may be present. Finally an interaction between age and BMI was also
identified graphically, as shown in the supplementary material.

2.1.2 Data features
We briefly discuss some additional features of the data relevant to the analysis. First, patients were
liable to cough during rehabilitation sessions, potentially disrupting the relationships between co-
variates. The effect of coughing on ¥ 0,, V7 and ¥V is circled in Figure 2.

Second, measurements were taken over time and on a breath-by-breath basis. The result is that as
respiratory rate increases the rate of measurements increases and vice versa, resulting in inconsistent
intervals between measurements.
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Figure 1 Relationships between V 0, and the physiological covariates in the data, plots are colour coded by
patient. (A) V O, against V7. (B) V O, against V7 on the log-log scale for patients 105 and 106 to show the
heterogeneity in the effect of Vr on V 0,. (C) VO, against V¢ on the log-log scale. (D) V O, against V7 on the
log-log scale for patient 117, where the relationship is decidedly non-linear.

The data were subject to measurement error from multiple sources. The BBGEA methodology
is imperfect and may naturally lead to incorrect measurements for all the physiological covariates.
The most obviously incorrect values these produced were removed from the data using set criteria,
but incorrect values will still be present.

Finally, the patient population was relatively homogeneous in terms of age and BMI. Follow-
ing the advice of the clinician who ran the study, two patients were removed from the analysis
aged <40, as their age and physiological profiles were sufficiently dissimilar to the other patients
that they could not be viewed as exchangeable with the rest of the study population. The mini-
mum, lower quartile, median, upper quartile and maximum values for age after their removal was
(50.2, 58.0, 69.7, 77.4, 86.0). Following their exclusion all patients were over 50 and had been me-
chanically ventilated for > 7 days, providing a sufficiently exchangeable population for which the
model should be restricted to in practice.

2.2 Existing physiological relationships

Documented relationships already exist between ¥ 0, and the physiological measures introduced in
the preceding sections. These have helped motivate this work and so for completeness we provide
a brief overview of them here. As these relationships only hold in specific instances (Ward, 2007),
however, they were not directly used in developing the model.
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Figure 2 Plots showing V 0,, Ve and V7 over time for session 73, with disruption caused by a cough circled.

The relationship that has received the most attention in previous research is that between 70,
and minute ventilation (7z) (Ramos, Alencar, Treptow, Arbex, Ferreira, and Neder, 2013). An exist-
ing relationship between the two quantities is the Oxygen Uptake Efficiency Slope (OUES) (Baba,
Nagashima, Goto, Nagano, Yokota, Tauchi, and Nishibata, 1996), where oxygen uptake efficiency
is the amount of gas an individual needs to breathe in and out in order to utilise a given volume of
oxygen.

The OUES is defined by the equation 0, = a x log,,(V&) + b, and is simply the change in
V0, as log(Vz) increases. The OUES is important in the exercise intensity literature as a measure of
physical fitness independent of a patient’s motivation to exercise (Baba et al., 1996). This can also be
extended to further physiological covariates as minute ventilation is defined as the product of tidal
volume (V) and respiratory rate (RR). Additional established relationships indirectly used in this
work are detailed in the supplementary material.

3 Model development
We have developed a hierarchical model to predict O, with temporally correlated latent Gaus-

sian processes to account for the structure and heterogeneity present in the data. The model has
been fitted using a Bayesian approach. This is particularly advantageous in this setting as prior
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regularisation suppresses poor estimates of group or effect variance (see for example Chung, Rabe-
Hesketh, Dorie, Gelman, and Liu (2013)), and prior information can be used to encode preference
for clinically plausible effect sizes. Further, for ease of clinical use, the model provides classifications
of 70, to clinicians. This approach allows for uncertainty around ¥ 0, predictions to be easily
propagated through the model and used to quantify uncertainty about classifications. Code to fit
the model is available at: https://github.com/LkHardcastle/ExerciseIntensity Example/

3.1 The model

We indicate the value of log( 0,) taken at time ¢ for the i patient’s j** rehabilitation session as
Yiji» Where t is the time in seconds since the start of the session. We then assume that

th

Yiji | tije, T ~ Normal(pjs, T), (3.1)

where 7 indicates the precision.
We then specify u;;, as a linear predictor of the form

wije = oij + Brilog((Vr)iji) + B2log((PerC02)j1) + B3 log(RRij,) +
Balog((V7)ije) x 1og((PerC 02)ij:) + Bslog((Vr)iji) x log(RR;j1) + (3.2)
[.. ]+ s

Figure 3 shows a directed acyclic graph representing the modelling assumptions. Note that in the
above[...]is used for brevity to indicate inclusion of session and patient-level covariates in the linear
predictor — in this case age, BMI, GPPAQ and SOFA score, as well as an interaction between age
and BMI as identified previously. Further, «;; and $;; denote hierarchical effects and s;;; denotes a
temporal effect, discussed later in this section.

Covariates were included based on empirical findings and their clincial relevance as determined
by a clinician. Although, as shown in Figure 1 (C), ¥/ has a strong linear relationship with ¥ 0,, we
have chosen to decompose V% into V7 and respiratory rate to maximise the information provided
to the model.

All continuous covariates and ¥ O, are placed on the log-scale and centered around their sample
means to aid interpretation and for numerical stability. Further, pairwise interactions between Vp
and both PgyC O, and respiratory rate are included as motivated by exploratory analysis findings.
The unstructured coefficients, that is, those without a hierarchical prior structure, were given mini-
mally informative Normal(0, 0.1) priors, corresponding to a prior belief that effect sizes of over 6.3
were highly unlikely.

The remainder of this section is focused on defining hierarchical and temporal effects and their
corresponding prior distributions to account for the structured nature of the data.
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Figure 3 A directed acyclic graph representing the model assumptions outlined in Section 3.1. Solid and

dashed lines represent distributional and deterministic relationships respectively, and x;, x» and x3 represent

vectors of covariates.

3.1.1 Structured effects
The between-patient and between-session heterogeneity in the model is accounted for through two
terms in (3.2) — a session-level varying intercept term and a patient-level varying coefficient for the

effect of log( V7).

These individual coefficients would be unable to be inferred in a practical implementation of
this model without available prior training data at the individual level. Their inclusion, however, en-
sures that the model accurately quantifies the uncertainty in marginal ¥ O, predictions and marginal

inference for the population-level coefficients described in the previous section.
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The structured coefficients are defined as

aij | pa, T ~ Normal(pa, 7o), (3.3)
,31,' | Hps Tp ™ Normal(,u,gl, ‘L'ﬁl), (34)

with Normal(0, 0.1) priors for u, and ug, and non-informative, proper log-Gamma priors for z,
and tg,.

The structured intercept term in (3.3) is specified at the session-level. Figure 4 shows plots of
predicted log( ¥ 0,) values against observed log(¥ 0,) for models with the structured intercepts at
the patient- and session-level, with observations highlighted by session. After accounting just for
between-patient heterogeneity there is still high between session variation. This motivates the deci-
sion to capture this through a hierarchical prior structure at the session-level, rather than a simpler
patient-level structure.

Figure 1 provides evidence for a heterogeneous relationship between V7 and ¥ 0,, which mo-
tivates the inclusion of individual patient-level coefficients, (3.4). To examine further whether indi-
vidual coefficients were required, we re-fit the model separately for each patient and then examined
the resulting marginal posteriors for the V7 coefficient. The effect of V- on VO, had a high level of
heterogeneity between patients, indicating we need to account for a heterogeneous effect of V7 at the
patient-level. Graphical summaries of these posteriors can be found in the supplementary material.

3.1.2 Temporal effects

In (3.2) s;j, is a temporal error term. We model this using an Ornstein-Uhlenbeck process (O-U
process) (Qksendal, 2003). This is a Markov process such that if the previous realisation of the
process was at time r < ¢, we have

Si_j[ | ¢a Ty, Sijr ~ Normal(l’b*a T*)a

with

-1
Wy = Sijr EXp(=Plt —r]), T = Ts<1 —exp(—2¢|t — rl)) .

Further, if 7 is the first observation time for the j session, then

s;j1 ~ Normal(0, 7, ).

Here 7, is the precision of the process at stationarity and ¢ is a mean-reversion parameter, which
intuitively represents the level of similarity between consecutive observations, with smaller values
of ¢ indicating higher levels of similarity. A vague Normal(0,0.2) prior was used for log(¢) and a
weakly informative log-gamma(50,1) was used for ,, corresponding to a prior belief that there is a
2% probability of precision values higher than 200.

Temporal dependence between observations is more commonly characterised using the discrete-
time analogue to the O-U process — the AR(1) process (Blangiardo, Cameletti, Baio, and Rue,
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Figure 4 Plots of predicted V O, against actual V O, for patient 112, coloured by session for models with
individual intercepts at the patient (A) and session (B) level. There is clear between session heterogeneity in
(A) which is only resolved with the session-level intercept in (B).

2013). The primary advantage of using the O-U process in this setting is that it naturally accounts
for irregular intervals between observations, which arise from breath-by-breath measurements.

The specified model is subject to measurement-level variance from both the temporal effects and
the iid error terms. Special cases of the model can be derived by: dropping the temporal effects and
assuming observations within the same session are independent conditional on their covariates; set-
ting T = e'” as seen in Wang, Yue, and Faraway (2019), forcing all the observational error to appear
through the temporal error term, and assuming that the measurement-level variance of y;; .41 | yijs
vanishes as t — 0.

We will refer to the model including both the O-U process and Gaussian error as the full model
and the special cases as the O-U only and iid error models. We consider all three models at the
validation stage of the analysis, in Section 5.4.

3.2 Inference

There are two primary inferential challenges presented by this model. First, the varying intercept
and V7 coefficient terms naturally introduce non-linearity skewing the posterior, and second, due
to the presence of temporal effects, the dimension of the posterior grows with the number of ob-
servations, and there is often (by construction) strong posterior dependence between the high-
dimensional latent variable and the hyperparameters associated with it. Both of these challenges can
hamper the performance of traditional MCMC methods. The model presented in (3.2) was therefore
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fitted using the Integrated Nested Laplace Approximation (INLA), with the R-INLA package (Rue,
Riebler, Serbye, Illian, Simpson, and Lindgren, 2017).

INLA approximates the marginal posterior distributions of interest via repeated, nested Laplace
approximations and numerical integration over a low-dimensional hyperparameter space. In con-
trast to simulation based methods, the comparatively low cost of the Laplace approximations means
the dimension of certain posteriors (such as those induced by the inclusion of temporal effects as
outlined in Section 3.1.2) can grow with the number of observations with only a minor impact on
computation time.

Numerical intergration over the hyperparameters means that complex dependencies between
parameters and hyperparameters can be dealt with effectively albeit at the cost of enforcing that the
dimension of the hyperparameters is low.

3.3 Oxygen uptake efficiency slope model

The previous state-of-the-art approach to this problem was a model developed based on the OUES
(Section 2.2) and fitted using the 1me4 R package (Bates, Machler, Bolker, and Walker, 2015) by
Black, Singer, and Grocott (2017). We reproduce this model here as a baseline comparator for our
approach.

Let y;, be the 0, value for the i patient at time z. The OUES model is then defined as

Yir = i + Bilogo(( I./E)it) + €ir, (3.5)
a; ~ Normal(0, 7,), B; ~ Normal(0, tp).

where «; and B; are random effects accounting for between patient heterogeneity. This naturally cor-
responds with the notion that the coefficients in the OUES are unique for each individual, but given
that we are considering a relatively homogeneous population there should not be drastic differences
in coefficient values.

4 Results

Table 2 shows posterior summaries for hyperparameters and the fixed effects for the full model,
model with only the O-U process and the model with only the iid error terms. The posteriors for
the coefficients of the physiological covariates indicate that the effect of each covariate on V0, is
positive, as expected. Further, given the posteriors for the interactions, the effect of log(¥7) increases
as respiratory rate increases and decreases as Pp7C O, increases in the full model. All session and
patient-level covariate effects are in the expected direction, or their posteriors are centered close to
0. The posterior summaries of 7, and tg both indicate that there is non-negligible heterogeneity in
the model. Notably, the finding of high between session heterogeneity aligns with the findings of
Black et al. (2020).

The fixed effect marginal posteriors for the full and O-U only models are very similar, however
the effect sizes of log(V7), log( PgrC 0>) and log( RR) are noticeably smaller in the model without
the O-U process. The inclusion of the O-U process naturally results in an increase in t, as it intro-
duces a second source of measurement-level variance, and also sees an increase in 7,,. The marginal
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Table 2 Posterior summaries for the fixed effects coefficients and hyperparameters of the model defined in
(3.2) and its variations discussed in Section 3.1.2, with posterior means and 95% credible intervals.

Estimates (mean and 95% credible intervals)

Full model 0O-U only iid error only
Intercept 1.33(1.11, 1.55) 1.32 (1.14, 1.50) 1.35(1.17, 1.52)
log(V7) 1.52 (1.48, 1.57) 1.56 (1.52, 1.61) 1.31(1.26, 1.36)
log(PeTCOs) 1.91 (1.90, 1.92) 1.92 (1.91, 1.93) 1.32 (1.30, 1.33)
log(RR) 1.09 (1.09, 1.10) 1.11 (1.10, 1.11) 0.87 (0.87, 0.88)
log(V7) x log(PETC O) -0.11 (-0.13, —0.11) —0.20 (-0.22, —0.17) 0.14 (0.10,0.17)
log(V7) x log(RR) 0.30 (0.29, 0.31) 0.33(0.32, 0.34) 0.33 (0.32, 0.34)

SOFA

—0.01 (—0.05, 0.04)

—0.01 (—0.05, 0.03)

—0.01 (—0.04, 0.03)

GPPAQ =2 —0.01 (-0.11, 0.11) —0.01 (-0.11, 0.09) —0.04 (—0.14, 0.05)
GPPAQ =3 0.01 (-0.11, 0.14) 0.01 (-0.09, 0.11) —0.02 (—0.12, 0.08)
GPPAQ =4 0.29 (0.11, 0.48) 0.31 (0.16, 0.46) 0.16 (0.01, 0.03)
Sex —0.07 (—0.18, 0.04) —0.08 (—0.17, 0.00) —0.09 (—0.17, 0.00)
log(age) 0.34 (0.05, 0.64) 0.35 (0.11, 0.59) 0.17 (—0.07, 0.40)
log(BMI) -1.12 (-1.33, —0.91) -1.13 (-1.31, —0.96) —0.96 (—1.13, —0.79)

log(age) x log(BMI)

—2.06 (—3.59, —0.53)

—2.12 (-3.39, —0.96)

—1.47 (-2.69, —0.24)

T
Ta

256.72 (253.05, 260.44)

48.39 (33.04, 64.62)

45.75 (32.74, 57.68)

64.04 (63.38, 64.70)
36.50 (14.80, 59.23)

T8 31.07 (23.68, 37.83) 44.89 (37.42, 50.63) 35.93 (26.47, 49.79)
O-Ur 41.00 (36.05, 47.43) 46.75 (45.17, 47.90) -
O-Ug¢ 0.04 (0.03, 0.05) 0.09 (0.09, 0.10) -

posteriors for 7, are similar in both the full model and the model without the iid error terms, however
the full model has lower values of 5.

4.1 Additional model checks

It was noted in Section 2.1.2 that some of the covariates were potentially subject to an unknown de-
gree of measurement error, with the clinician running the study able to classify rehabilitation sessions
as poor, reasonable or good depending on the potential for this error to occur. If this measurement
error is large enough, it may adversely effect the predictions of the model.

In the supplementary material we re-fit the model to a subset of the data excluding poor quality
sessions and another smaller subset excluding both poor and reasonable quality sessions. A similar
technique is commonly seen in study meta-analysis (Valentine, 2009). The resulting posteriors show
no noticeable changes in the locations of the posteriors for the covariate effects or hyperparameters.

5 Validation

In this section we internally validate the predictive ability of the model. This is done, first, through
in time posterior predictive checks, to understand how the model performs given maximal informa-
tion, and then second, using leave-one-patient-out cross-validation to understand how the model
performs in realistic conditions.
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5.1 Posterior predictive checks

To perform posterior predictive checks in light of hierarchical and temporal structure we re-fit the
model except for data from session i, where we only use data observed before time # = 1 000. We
then use the model to predict 70, for ¢ > 1000 for session i. Here = 1000 was chosen so that
enough data were present to ensure model stability for the new patient and to allow for an initial
calibration phase at the start of each session during which patient 70, values were largely in the
rest category.

The outcome of these checks for patient 137 are shown in Figure 5, with observed (black) and
predicted (red) values of log( 0,).The majority of model heterogeneity comes at the session and
patient-levels, meaning that credible intervals are relatively small here. In all cases, the model closely
matches the shape of the 70, curve, although the iid only model performs slightly worse in this
regard. This aligns with the marginal posteriors for the fixed effects being similar for the first two
models, but having reduced effects in the model without the O-U process as noted in Section 4.

Further, we note that the O-U only model has lower predictive uncertainty compared to the
other models, which we believe is due to reduced flexibility when excluding the iid error term. We
discuss the impact of model specification on posterior predictive uncertainty further in the Section
5.4.

In 2.1.2 we noted that patients coughing induces spikes in "0, values. One such spike occurs
after 1450 seconds in Figure 5. In light of this a pre-analysis decision was made to consider a model
fit to smoothed data using a three-value rolling average for the physiological covariates. Figure 5
shows, however, that the model adapts very well to this spike matching the rise and subsequent drop
in 70, very closely. The analysis using the smoothed data is available in the supplementary material,
providing similar or worse predictive ability and no improvement during coughs compared to the
non-smoothed data models.

5.2 Predictions in practice

The remainder of this section is dedicated to assessing how the model would perform under realistic
conditions.

In practice, a clinician would require ¥ O, predictions in real-time (as the model can provide) at
each stage of the rehabilitation session. They would be needed at the start of the session to ensure a
baseline low level of activity; progressing to medium ¥ O, values to establish an exercise response;
during the session to ensure the patient’s /"0, values do not enter the high classification indicating
over-exertion; and during breaks in the session or at the end of the session to ensure the patient’s
70, values have returned to a resting level. We therefore focus on assessing how the model per-
forms observation by observation, rather than trying to predict a single event (e.g., time to first high
observation).

5.3 Leave-one-patient-out cross-validation

To conduct cross-validation observations were left out at the patient-level, to account for similarity
between observations within patients and prevent leakage. This resulted in 35 sets of observations
to assess on re-fitted models. These were fit using the same specification as previously used.
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Figure 5 An example of posterior predictive checks using cross-validation in time for patient 137, for the three
specifications of the latent Gaussian process. Orange lines indicate predicted V O, values with corresponding
predictive intervals in grey. Black lines show the observed V O, values. Dotted lines represent the boundaries
between rest and low, and low and medium exercise intensity classifications. Predictions are worse in the
model excluding the O-U process and the inclusion of the iid error increases the predictive uncertainty.

Here the model is unable to learn individual coefficients, increasing the uncertainty in the clas-
sifications. Given that clinicians would not have access to V0, values during regular rehabilitation
sessions, this aligns with how the model would be implemented in practice.

To obtain the posterior predictive densities for each point, 1 000 samples were generated from
the posterior of the model fit to data excluding each patient in turn. These samples were then used to
make predictions for the excluded patient via the posterior predictive distribution, fully quantifying
the uncertainty in the predictions.

Probabilities for each category were then easily generated using the proportion of samples from
the posterior predictive density that fell into that category and, as this is the information that would
be available to clinicians in practice, we classified the observations based on the category with the
highest probability assigned to it.
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Table 3 Confusion matrices for the predictive accuracy of the full, O-U error only, iid error only and OUES
models as assessed using leave-one-patient-out cross-validation. £ = the loss function defined in Section 5.4.

Predicted

Full model 0O-U error only
Observed Rest Low Med. High Rest Low Med. High
Rest 0.74 0.21 0.05 <0.01 0.73 0.23 0.04 <0.01
Low 0.37 0.38 0.23 0.01 0.36 0.43 0.21 0.01
Medium 0.10 0.24 0.45 0.21 0.09 0.26 0.47 0.18
High 0.01 0.03 0.19 0.77 <0.01 0.03 0.22 0.74
Specificity 0.70 0.83 0.89 0.98 0.72 0.81 0.90 0.98

L =0.399 L£=0.412

iid error only OUES

Observed Rest Low Med. High Rest Low Med. High
Rest 0.75 0.24 <0.01 0.00 0.57 0.38 0.05 0.00
Low 0.37 0.53 0.10 <0.01 0.25 0.54 0.21 <0.01
Medium 0.09 0.35 0.50 0.05 0.07 0.40 0.52 <0.01
High <0.01 0.05 0.42 0.52 0.01 0.17 0.72 0.10
Specificity 0.71 0.80 0.95 >0.99 0.80 0.60 0.86 0.99

L£=0.424 L =0.560

5.4 Validation results

Table 3 presents the results of the cross-validation for the three Bayesian models and the current
state-of-the-art OUES model. The performance of the models is quantified using a loss function
L which averages across observed classifications and then across patients. This quantifies a model’s
predictive ability across all classifications, regardless of their underlying prevalence in the data. This
is particularly useful in this setting as £ reflects the clinical importance of accurately predicting
classified high 70, values, when < 3% of observed values meet this threshold.

All three Bayesian models outperform the OUES model in terms of the loss function, with the
fully specified model the best of the three. The models incorporating the O-U process have the best
performance in terms of the loss function and noticeably higher accuracy for observed high observa-
tions in comparison to the iid error only model and the OUES model, with the drop-off in accuracy
in the second model being particularly dramatic (10% vs. 77% in the full model).

We note that the OUES model has slightly higher accuracy than the Bayesian models for ob-
served low values, however the specificity for low classifications is only 60% compared to 80-83%
in the Bayesian models. This suggests this increase in accuracy is due to the model predicting low
more often rather than the model having an improved ability to predict low ¥ 0, values. Further,
it may initially appear from Table 3, that all the models have a tendency to under-predict exercise
intensity, however, this is simply an artefact resulting from the distribution of values of VO, present
in the data being positive-skewed, and therefore typically lying closer to the lower end of the exercise
intensity classifications.
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Figure 6 Compares predicted (with 95% credible intervals) values of V O, from the full model and observed
values for two example sessions, one where the model performs well (session 15) and one where it performs
poorly (session 109). Dashed lines indicate the boundaries between exercise intensity classifications.

5.4.1 Predictions in time

To further understand model performance we directly examined the predictions for ¥ 0,. Figure 6
shows predicted 7 0, values over time for two sessions, for the full Bayesian model. In both exam-
ples the models predict the shape of the V0, curves extremely well (as expected from the posterior
predictive checks). The plots for session 109 highlight, however, that there is high predictive uncer-
tainty in the scale of the curve stemming from relatively small estimated values of 7, and 7. The
result is that in some cases (e.g., session 109) simple point predictions are insufficient, but true values
of V70, are still contained within 95% posterior predictive intervals. We explore this idea further in
the following section.

5.5 Probabilistic predictions

Until now, we have primarily assessed the single classifications provided by the model. Probabilistic
statements about the classifications are also given, however, and these may carry important informa-
tion for clinicians. In Figure 7 we assess the usefulness of this information by showing the number
of observations within each category that the model assigns probabilities above a certain threshold.
Heuristically, this is a way of assessing when the model considers the correct classification to be
‘plausible’, based on a set probability threshold for plausibility.

This is a weaker condition than seen in Table 3 and we naturally see a larger number of obser-
vations assigned as plausible. For example, at the 20% threshold for plausible observations, 84.3%,
81.7% and 83.0% of observations are plausible in the full, O-U and iid models respectively when av-
eraging over classifications. This benefit is most notable for the Low and Medium categories, where
over 80% of observations are assigned as plausible for the 20% threshold.

For resting and low observations the iid error only model marginally outperforms the full model
and both models perform better than the model with only the O-U process. For medium observa-
tions, the full model performs best, but all three models have similar performance. Crucially, for high
observations the full model, and to an extent the O-U only model outperform the iid only model.
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Figure 7 Graphs by observed exercise intensity category for the full model (blue) model with iid errors (red)
and the iid error only (green) showing the proportion of observations for which the model considers the
correct classification plausible, based on different plausibility thresholds.

To see how this information would be used in practice we can consider how a clinician would
apply the output of the model. To avoid risks of over-exertion, a clinician may in practice apply an
informal decision rule to lower a patient’s exercise load once the probability they are at high intensity
crosses a certain threshold.

This aligns exactly with the information showcased in Figure 7 where, given the rarity of high
V0, values, the 20% threshold would be a reasonable choice. At this threshold these results indicate
that the full model would be able to identify 90.0% of high values, correctly guiding the clinician in
the majority of cases.

This is only one example of how the full information from this model may be utilised and in
practice a variety of rules may be implemented. It does indicate, however, that the full potential of
the model is only realised once probabilistic statements about classifications are fully utilised.

6 Discussion

We have developed and internally validated a first-of-its-kind prediction model for exercise inten-
sity in mechanically ventilated Intensive Care patients, using Bayesian hierarchical modelling and
covariates that are readily available in the majority of Intensive Care settings.

The model revealed a high level of heterogeneity between exercise rehabilitation sessions, mean-
ing that resulting classifications based on using point estimates alone had an accuracy of 58.4%. The
usefulness of the model dramatically increases in practical situations when the full information from
the posterior distribution is utilised, in the form of probabilistic statements about classifications,
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allowing clinicians to make the correct decision around 90.0% of the time if appropriate decision
rules are adopted.

We have presented three feasible Bayesian models based on various assumptions on the
measurement-level variance, the best performing of which is the fully specified model with both
an O-U process and iid Gaussian error. Without this temporal structure, the model is unable to reli-
able classify high values of ¥ 0,, which is particularly clinically important in ensuring that patients
are not over-exerted during rehabilitation sessions. All models were compared to the current state-
of-the-art model based on the oxygen uptake efficiency slope, and were found to have noticeably
superior performance.

In practice application of the method presented here should be restricted to patients who are
sufficiently similar to the sample used to develop the model, specifically patients over 50 years of
age who have been mechanically ventilated for at least 7 days.

The ultimate aim of the modeling work presented here is the creation of a practical tool that can
be widely implemented in critical care environments (although further data collection and external
validation in clinical settings would be needed for this). The model here returns live predicted clas-
sifications of a patient’s level of exercise intensity on a breath-by-breath basis, allowing clinicians to
use this tool to provide personalised rehabilitation sessions by reactively increasing or decreasing
the level of exercise, therefore optimising the benefit received from these sessions.
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