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Abstract

Intravenous (IV) antimicrobial therapy often
continues after an oral alternative would be safe,
harming patients and increasing costs. The
key decision—when to switch from IV to oral
(IVOS)—is complex. Past machine-learning ap-
proaches are trained on labels constructed from
prescription records that indicate when switches
actually happened, not when they were first
clinically appropriate; they therefore reproduce
delays and suboptimal practice. We take a differ-
ent approach, forecasting each patient’s physio-
logical state using a probabilistic neural process
and applying established IVOS criteria to those
forecasts to estimate switch-readiness. The sys-
tem ranks patients currently on IV therapy by
the probability they will meet all criteria within
the next 12 hours, highlighting candidates for
clinician review while keeping the final decision
with the prescriber. By anchoring recommenda-
tions to clinical criteria rather than past actions,
the tool targets a reduction in unnecessary IV
days instead of reinforcing the status quo.
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1. Introduction

The timely transition of hospital patients from intra-
venous (IV) to oral antimicrobial therapy, known as
the IV-to-oral switch (IVOS), has positive effects for
both patients and hospitals (Cyriac and James, 2014).
The benefits range from clinical, e.g. shorter hospital
stays or a lower risk of catheter-related bloodstream
infections (Wald-Dickler et al., 2022; Zanella et al.,
2025), to operational, such as freeing up nursing time
and reduced healthcare costs (Jenkins, 2023). How-
ever, identifying the optimal moment for this switch
depends on a holistic assessment of the patient’s phys-
iological state. The decision can be overlooked, result-
ing in the IV course being maintained unnecessarily.
Clinicians rely on a range of criteria, such as trends
in vital signs (e.g. temperature), to determine a pa-
tient’s suitability for IVOS (Harvey et al., 2023). In
many cases, however, these switches happen later than
recommended by guidelines—estimates indicate 19%
of patients in England still receive IV antibiotics de-
spite switching criteria being met (Office for Health
Improvement & Disparities, 2025)—or not at all (Li
et al., 2019), resulting in avoidable costs for both
patients and hospitals.

Recently, clinical decision support systems (CDSSs)
have been proposed to prompt timely IVOS (Quintens
et al., 2022; Kan et al., 2019; Berrevoets et al., 2017;
Beeler et al., 2015). Notably, Bolton et al. (2024)
propose an AI-enabled CDSS and predict “readiness”
for switching using labels derived from routine pre-
scription records. These labels record when a switch
actually occurred, not the earliest clinically appro-
priate time. Models trained on such labels learn his-
torical delays and suboptimal practice. As a result,
they risk preserving current behaviour rather than
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reducing unnecessary IV days. Additionally, the auto-
matic labelling of these events from raw prescription
data is a complex and challenging task, which we
show results in incorrectly labelled training examples,
and misleading estimates of the length of antibiotic
courses.

In this work, we outline a plan for an alternative AI-
enabled CDSS which resolves these issues. At the core
of our approach is a probabilistic model which can
effectively forecast the patient’s physiological state
with well-calibrated uncertainty. Instead of modelling
the past decisions of clinicians we apply established
switching criteria to these forecasts to determine if a
patient will be ready for switching in the near future.
We present this information to clinicians in the form
of a ranked list, from which the top patients are se-
lected for manual review. This allows us to sidestep
the fraught process of constructing switching labels
from electronic health records (EHRs), and produce
a system that can effectively reduce the number of
unnecessary IV therapy days, whilst keeping a human
in the loop.

2. Previous approaches

Bolton et al. (2024) build a model to assess the suit-
ability of a patient for IVOS. Their approach is to
train a model to predict, for a given day of a pa-
tient’s encounter, whether that patient received IV
antibiotics. The model’s prediction, specifically the
probability that the patient will not be on IV antibi-
otics, is used as a proxy for the probability that the
patient is suitable for a switch to oral therapy.

2.1. Learning from prior practice

By training a model to predict historical clinical ac-
tions (i.e., the administration of IV antibiotics), the
resulting system will necessarily learn to replicate
the existing patterns and frequency of IVOS decisions
present in the training data. Clinical practice is chang-
ing, for many conditions there is growing evidence
that long courses of IV antibiotics are unnecessary
(Wald-Dickler et al., 2022; Li et al., 2019; Iversen
et al., 2019). If the goal of a CDSS is to improve
upon current practice—in this case, by encouraging
earlier switches and thus reducing the total number
of IV therapy days—then a model trained to mimic
historical, suboptimal behaviour is inherently limited.
This limitation is particularly acute for the complex

or non-standard cases where clinical decision support
is most needed.

Although performance of such a model on held-
out retrospective data might appear encouraging, this
approach inevitably results in a brittle CDSS, frozen in
time and incapable of providing continuous support to
clinicians participating in a resilient Learning Health
System (Friedman, 2022; Kilbourne et al., 2024). Our
approach of modelling patient physiology keeps the
prescribing clinician front and centre and results in a
CDSS sufficiently flexible to adapt to clinical evidence
and changing guidelines.

2.2. Labelling switches

0 1 2 3 4
Time (days)

Azithromycin 
CeftriaXONE
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Metronidazole
Vancomycin

stay_id = 31382292

(a) Patient dies (· · ·) shortly after being labelled as
ready for switch (· · ·).
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(b) Initial switch incorrectly labelled on day 6 (· · ·),
when switch truly occurred on day 3.
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(c) Encounter dropped from the dataset despite con-
taining a valid switch.

Figure 1: Examples of incorrectly processed antibiotic
prescribing timelines from the MIMIC-IV
dataset, with blue bars (■) representing IV
prescriptions and green bars (■) oral.

Even setting aside the problem of learning from
past practice, constructing reliable ground-truth IVOS
labels from EHRs is difficult, and label quality caps
model performance and clinical utility. The approach
to label construction taken by Bolton et al. (2024)
contains several methodological issues that result in a
dataset that is noisy and systematically biased.
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Firstly, the methodology does not incorporate pa-
tient outcomes into the labelling process. Our analysis
of the MIMIC-IV dataset revealed cases where a pa-
tient was labelled as being suitable for a switch on the
same day that they died. As shown in Figure 1(a),
this represents a severe mislabelling.

Secondly, IV and oral therapy periods are defined by
taking the earliest start time and the latest end time
across all antibiotic prescriptions of a given adminis-
tration route within a single hospital stay. This can
cause switches to be labelled incorrectly and system-
atically excludes more complex, but common, clinical
scenarios. Figure 1(b) shows an example where the
switch label only appears for the second time the pa-
tient was switched in the encounter on day 6, where a
switch initially occurred on day 3. Figure 1(c) shows
an encounter containing a valid switch event that has
been dropped because the patient is later returned to
IV antibiotics. The cumulative effect is to bias the
final dataset towards unrealistically simple and linear
treatment trajectories.
Finally, all antibiotics are treated as interchange-

able, with no check to ensure that the oral drug is a
clinically appropriate replacement for the IV drug, or
that the prescription indications are for the same con-
dition. For example, treatment with broad-spectrum
IV antibiotics can cause C. difficile infection (Cymbal
et al., 2024). In serious cases, this requires the IV
course to be halted, and an oral antibiotic, often van-
comycin, used to control the C. difficile. Disregarding
indications, this would be labelled as a switch, when
one has not in fact occurred.

3. Proposed AI-enabled IVOS
approach

The approach outlined in the present work seeks to
decouple the modelling from past, subjective clinical
practice. Instead of modelling the decision itself, we
predict the underlying physiological state of the pa-
tient by forecasting the clinical variables required to
assess IVOS criteria. This formulation allows for the
possibility of recommending a switch even in cases
where one would not have been performed historically,
provided the patient’s forecasted physiological state
meets the established criteria for a safe transition to
oral therapy (Harvey et al., 2023).

Forecasting model The core of our approach is a
probabilistic model that directly forecasts the patient’s
physiological state from their history of sparse and

irregularly-sampled clinical measurements, using the
framework of neural processes (Garnelo et al., 2018;
Jha et al., 2023). Specifically, we use a Convolutional
Conditional Neural Process (ConvCNP), a model well
suited for this time series task due to its inclusion of
the inductive bias of translation equivariance (Bru-
insma, 2024). Neural processes treat each patient
encounter as a realisation of an underlying stochastic
process, allowing the model to learn a global prior
over patient dynamics from a large dataset of encoun-
ters. Unlike many traditional time-series models, they
naturally handle irregular sampling without requir-
ing imputation and produce probabilistic predictions.
We use the trained model to forecast each patient’s
physiological trajectory over the subsequent day. We
forecast 5 variables relating to the patient’s physi-
ological state: temperature, pulse rate, respiration
rate, systolic blood pressure, and oxygen saturation.
These variables were chosen because they are widely
recorded, however our method can trivially be ex-
tended to forecast other variables commonly part of
IVOS criteria, such as C-reactive protein levels and
white cell counts.

Probabilistic switch-readiness prediction To
obtain an actionable assessment of IVOS suitability,
we leverage the model’s full probabilistic output rather
than rely on a single point prediction. We employ a
sampling-based approach to estimate a ‘switch readi-
ness probability’. For each patient, we draw multiple
complete trajectories of their future physiological state
from the model’s joint predictive distribution. Each
sampled trajectory is then evaluated against the full
set of established clinical IVOS criteria (e.g. tem-
perature within normal range and stable vital signs).
The final probability is calculated as the proportion
of these sampled trajectories that meet all criteria
throughout the forecast window.

CDSS After consultation with clinical experts, we
determined that the optimal way to present the model
predictions is a ranked list of patients currently re-
ceiving IV antimicrobial therapy sorted by predicted
likelihood of switch-readiness over the next day. This
list will show other relevant information about the
patient, such as how long they have been on IV and
the most recent values of important physiological vari-
ables. This will allow clinicians to review and deter-
mine follow-up actions more efficiently, by presenting
them with the patients most likely to need a switch,
whilst keeping the final switch decision in their hands.

3



Expediting IVOS for Antimicrobial Therapy with Neural Processes

A) Train forecasting model B) Forecast and apply criteria

Neural 
Process

Patient ID Days on IV Ready for 
switch?

B456 5 88%

D230 3 72%

A123 2 24%

C789 3 5%

C) Rank switchable patients 

= 0.24
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Trained Neural 
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Figure 2: The proposed AI-enabled IVOS system. A) Training a probabilistic neural process model to
forecast patient trajectories. B) Using the trained model to generate likely trajectory samples over
the following day and applying clinical criteria to determine the proportion of samples ready to be
switched. C) Presentation of switch-readiness probabilities as a ranked list of patients for review.

Baselines

Metric Majority Last val. ConvCNP

Brier ↓ 0.16 0.47 0.10
Precision@5 ↑ 0.13 0.22 0.56

Table 1: Performance metrics for the model and base-
lines. Note the Precision@5 for a model with
perfect accuracy is 0.95 in this case.

4. Results

We provide provisional results by fitting a ConvCNP
model to physiological trajectories extracted from the
MIMIC-IV dataset (Johnson et al., 2023). We split
the dataset temporally into train and test sets using re-
constructed admission times. We train the forecasting
model using a look-back window of 48 hours— gener-
ally the minimum length of time before a prescription
is reviewed—and a prediction window of 12 hours, on
all encounters in the training set, regardless of whether
they have received an antibiotic prescription. In or-
der to evaluate the model’s ability to predict switch
readiness, we filter the test set for encounters that
have had an IV prescription at any point. For this
set, we mirror the intended deployment by tasking the
model to predict the patient’s physiological trajectory
over the next 12 hours for each day of their encounter.
We sample 200 trajectories and apply a set of criteria
representing the normal healthy range for each vari-
able; the proportion of samples meeting the criteria
is the predicted probability of switch-readiness. The

criteria are also applied to the ground truth data in
the prediction window to generate target labels. We
obtain a total of 34,885 test days from 9,590 encoun-
ters; 16% of these days are of the positive class, which
is to say the patient is ready to be switched according
to the criteria. Further experimental and model setup
details are provided in Appendix A.

We compare to two baselines: majority class simply
predicts the dominant class for every instance and last
value applies the criteria to the last measured value
for each variable before the prediction time. Given
the deployment context discussed in Section 3 we are
interested in measuring the model’s ability to produce
well-calibrated probabilities and to rank patients accu-
rately, instead of accuracy at a set decision threshold.
We report the Brier score (Brier, 1950) and Preci-
sion@5. The Precision@5 is computed by producing a
ranked list of predictions for each day in the test set,
for all the encounters that span that day, excluding
days that have fewer than 20 encounters (25% of the
test days); the Precision@5 is the proportion of the
top 5 ranked encounters that truly meet criteria. This
metric is intended to simulate a doctor selecting pa-
tients to review from the ranked list. We additionally
report the AUROC for the ConvCNP model. Further
discussion of metrics is provided in Appendix B. Ta-
ble 1 shows the metrics for the NP model and the
two baseline methods. We can see that the NP model
outperforms each of the baselines on both metrics. In
particular, the Precision@5 metric indicates a more
than two-fold improvement in the number of rele-
vant patients likely to be selected for review. The
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AUROC for the ConvCNP model is 0.86, above the
threshold generally considered to be clinically useful
(Çorbacıoğlu and Aksel, 2023). Appendix C contains
some additional results, with Table 5 demonstrating
the forecasting performance of the ConvNP model
relative to a simple persistence baseline, and Figure 3
showing model predictions for a number of test days.

5. Conclusions

Our goal is to create a clinically useful tool that helps
get patients off IV antibiotics sooner. By forecast-
ing patient physiology instead of past decisions, we
can meaningfully reduce the number of unnecessary
days of IV therapy, leading to better outcomes for
patients and hospitals. We are currently working on
implementing a prospective evaluation of the proposed
system, which we hope to present in future work.
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Appendix A. Experimental setup

A.1. Data Preprocessing

All experiments use the MIMIC-IV v2.2 dataset (John-
son et al., 2023).

Cohort Selection We first select a cohort of hos-
pital encounters corresponding to patients admitted
to the ICU, with a length of stay greater than one
day and a recorded age. For this cohort, we extract
all measurements for the five physiological variables
relevant to our switching criteria: body temperature,
pulse rate, respiratory rate, oxygen saturation, and
systolic blood pressure. These are sourced from the
chartevents table.

Data Cleaning and Filtering The timestamp
of each measurement is converted to a duration in
hours relative to the patient’s admission time. We
discard encounters with no measurement data beyond
24 hours from admission and truncate all encounters
at a maximum length of 14 days. To handle erroneous
entries common in EHR data, we filter measurements
to within clinically plausible ranges, as detailed in
Table A.1. This filtering step removed a maximum of
0.05% of measurements for any single variable.

Variable Range Units

Pulse Rate 10 – 400 bpm
Systolic Blood Pressure 0 – 400 mmHg
Oxygen Saturation 0 – 100 %
Respiration Rate 0 – 120 breaths/min
Temperature 50 – 120 °F

Table 2: Ranges of plausible values used for data
cleaning.

Train/Validation/Test Split A key step in our
experimental design is a strict temporal split of the
data, which is necessary to simulate a realistic de-
ployment scenario and prevent look-ahead bias. The
de-identification process in MIMIC-IV shifts all dates
for a given patient by a random offset, which preserves
intra-patient timelines but scrambles the chronologi-
cal order of admissions between different patients. A
random split on this scrambled data would incorrectly
mix past and future data, leading to an over-optimistic
evaluation.
To address this, we reconstruct an approximate,

chronologically-sortable admission date for each en-

counter. Following the methodology described by the
MIMIC-IV authors (Johnson et al., 2023), we combine
the real admission year, available in the admissions
table as anchor year, with the month and day from
the shifted admittime. While this does not recover
the exact date, it allows us to correctly order all en-
counters by year. This is a significant improvement
over prior work that ignores the temporal nature of
the data.

Using these reconstructed dates, we create our splits:
all encounters admitted after January 1, 2019, form
the test set. From the remaining pre-2019 encounters,
we randomly sample 10% to create the validation set,
with the rest forming the training set. Finally, all
variables are standardised (zero mean, unit variance)
using statistics computed solely from the training set.

A.2. Forecasting Model & Training

We use a Convolutional Conditional Neural Process
(ConvCNP) implemented with the neuralprocesses
package.1

Task Construction The forecasting model is
trained on tasks constructed from the preprocessed
encounters. A task consists of a context set and a
target set. For each encounter, we create tasks by
uniformly sampling prediction start times. Each task
uses a 48-hour look-back window (context) to predict
all measurements within a subsequent 12-hour forecast
horizon (target). To create a large training set and
manage computational load, we sample tasks with a
frequency proportional to the length of the encounter,
generating one task for every 24 hours of data. Any
sampled task with fewer than 10 total measurements
across both context and target sets is discarded.

Model Selection and Training We performed a
grid search to select the best hyperparameters based
on validation set performance. The search space is de-
tailed in Table A.2. The best-performing model used
a 4-layer U-Net with 512 channels, a discretisation
length scale of 1.0 hour, and a learning rate of 10−5.
For more detail on neural process architectures, see
Bruinsma (2024). All models were trained with the
Adam optimizer and a batch size of 64. We defined a
training epoch as 214 tasks and used an early stopping
mechanism with a patience of 100 epochs, saving the
model checkpoint with the lowest validation loss.

1. github.com/wesselb/neuralprocesses
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Hyperparameter Values

Learning Rate {1e-4, 1e-5}
U-Net Channels {256, 512}
U-Net Layers {3, 4}
Discretisation scale (hours) {0.5, 1.0}

Table 3: Grid of hyperparameters explored for the
ConvCNP model.

A.3. Switch-Readiness Evaluation

To evaluate the model’s utility in a clinical setting,
we simulate its deployment on the test set.

Evaluation Task Construction We filter the test
set to include only encounters with at least one IV
antibiotic prescription. For each of these encounters,
we create one evaluation task per day, starting from
the third day of the stay. Each task is anchored at
09:00, uses the preceding 48 hours of data as context,
and has a forecast horizon of 12 hours (from 09:00 to
21:00).

Label Generation A ground-truth label for each
evaluation day is generated by checking if all recorded
measurements within the 12-hour forecast window
fall within the switch-readiness criteria defined in
Table A.3. If any measurement violates its criterion,
the day is labelled as not ready (negative class). If
a variable has no measurements on a given day, it
is considered to have met the criteria. This process
yielded 34,885 test days, of which 16% were positive
(switch-ready).

Measurement Switch Criterion

Temperature (◦F) 96.8 – 100.4
Pulse Rate (bpm) < 100
Respiratory Rate (breaths/min) 8 – 24
Systolic BP (mmHg) 90 – 220
SpO2 (%) > 90

Table 4: Physiological criteria for switch readiness.

Probabilistic Prediction For each evaluation task,
we generate a switch-readiness probability. We draw
200 full trajectory samples from the ConvCNP’s pre-
dictive distribution over the 12-hour forecast horizon.
For each sample, we check if all forecasted values
across all five variables meet the criteria in Table A.3
at all points in time. The final predicted probability

is the proportion of the 200 samples that successfully
meet all criteria.

Appendix B. Metrics

Here we provide additional details on the computation
of the evaluation metrics, particularly for the baseline
models.

Brier Score The Brier score measures the accuracy
of probabilistic predictions, penalising both miscali-
bration and incorrectness (Brier, 1950). It is the mean
squared error between the predicted probability and
the actual outcome. For a set of N predictions, it is
calculated as:

BS =
1

N

N∑
i=1

(pi − oi)
2

where pi is the predicted probability for the i-th in-
stance and oi is the actual outcome (1 if the patient
meets the switch criteria, 0 otherwise). A lower Brier
score indicates a better model. For the ConvCNP
model, pi is the continuous probability output by the
model. For the baseline models, which produce a
binary prediction, we interpret their output as a prob-
ability of 100% (for a positive prediction) or 0% (for
a negative prediction).

Precision@5 Precision@k is a ranking metric that
evaluates the fraction of positive instances within the
top k predictions of a ranked list. We use Precision@5
(P@5) to simulate the clinical utility of our system,
where a clinician might review the top 5 patients
flagged by the CDSS each day. Generating the ranked
list for the different models is done as follows:

• ConvCNP: Instances are ranked in descending
order of their predicted switch-readiness proba-
bility.

• Baselines: These models produce a binary output.
To generate a ranked list, all instances predicted
as positive (1) are ranked above all instances
predicted as negative (0). Within each group (all
1s or all 0s), the order is random, as the models
provide no further information for ranking. The
top 5 instances are then taken from this list to
calculate P@5.

We compute the Precision@5 on each day in the test
set that has more than 20 patients, and report the
mean value over all such days.
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AUROC The Area Under the Receiver Operating
Characteristic (AUROC) curve evaluates a model’s
ability to discriminate between positive and negative
classes. The ROC curve is created by plotting the true
positive rate against the false positive rate at various
classification thresholds. For our ConvCNP model,
this threshold is applied to the continuous probability
output. A higher AUROC, with a maximum of 1,
indicates better discriminative power. This metric is
only reported for our main model, as the deterministic
nature of the baselines does not allow for varying a
decision threshold to generate a curve.

Appendix C. Further results

C.1. Forecasting performance

Measurement Last val. ConvCNP

Pulse (bpm) 9.13 ± 0.02 8.23 ± 0.02
Respiratory Rate (bpm) 4.07 ± 0.01 3.45 ± 0.01
SpO2 (%) 2.03 ± 0.00 1.75 ± 0.00
Systolic BP (mmHg) 4.2 ± 0.0 11.9 ± 0.01
Temperature (°F) 0.635 ± 0.003 0.557 ± 0.002

Table 5: Forecast mean absolute error on the test set
for repeat last value baseline, and proposed
ConvCNP model. The mean and standard
error over the individual task error are shown.
In the case where the variable is missing the
last value, the mean value of the training set
is used as the prediction

C.2. Model predictions

9



Expediting IVOS for Antimicrobial Therapy with Neural Processes

325.0 327.5 330.0 332.5 335.0
Time (hours)

100

150

 2
21

09
97

3n
14

pulse pred: 0.00 | true: 
True
Lower limit
Upper limit

325.0 327.5 330.0 332.5 335.0
Time (hours)

20

40
resp_rate pred: 0.04 | true: 

325.0 327.5 330.0 332.5 335.0
Time (hours)

90

95

100

105
spo2 pred: 1.00 | true: 

0.0 0.2 0.4 0.6 0.8 1.0
0.00

0.25

0.50

0.75

1.00

No data
for systolic_bp

systolic_bp

328 330 332 334 336
Time (hours)

96

98

100

temp pred: 0.89 | true: 

175 180 185
Time (hours)

50

75

100

125

 2
27

85
78

9n
8

pulse pred: 0.01 | true: 

175 180 185
Time (hours)

10

20

30

resp_rate pred: 0.15 | true: 

175 180 185
Time (hours)

90

95

100

105
spo2 pred: 0.97 | true: 

0.0 0.2 0.4 0.6 0.8 1.0
0.00

0.25

0.50

0.75

1.00

No data
for systolic_bp

systolic_bp

170 175 180 185
Time (hours)

98

100

102
temp pred: 0.87 | true: 

64 66 68
Time (hours)

60

80

100

 2
79

85
21

5n
3

pulse pred: 0.94 | true: 

64 66 68
Time (hours)

10

20

30
resp_rate pred: 0.47 | true: 

64 66 68
Time (hours)

90

95

100

spo2 pred: 0.99 | true: 

64 66 68
Time (hours)

100

150

200

systolic_bp pred: 0.87 | true: 

66 67 68 69
Time (hours)

98

100

temp pred: 0.99 | true: 

132.5 135.0 137.5 140.0 142.5
Time (hours)

50

100

 2
15

17
14

0n
6

pulse pred: 0.95 | true: 

132.5 135.0 137.5 140.0 142.5
Time (hours)

10

20

30

40
resp_rate pred: 0.00 | true: 

132.5 135.0 137.5 140.0 142.5
Time (hours)

90

100

spo2 pred: 0.23 | true: 

132.5 135.0 137.5 140.0 142.5
Time (hours)

100

150

200

systolic_bp pred: 0.98 | true: 

134 136 138 140 142
Time (hours)

98

100

102
temp pred: 0.83 | true: 

50.0 52.5 55.0 57.5 60.0
Time (hours)

80

100

120

 2
95

83
64

4n
3

pulse pred: 0.01 | true: 

50.0 52.5 55.0 57.5 60.0
Time (hours)

10

20

30

resp_rate pred: 0.06 | true: 

50 55 60
Time (hours)

85

90

95

100

spo2 pred: 0.59 | true: 

50.0 52.5 55.0 57.5 60.0
Time (hours)

100

150

200

systolic_bp pred: 0.23 | true: 

60 62 64
Time (hours)

98

100

temp pred: 0.97 | true: 

Figure 3: Plots showing forecasts of different variables (columns) for 5 days from the test set (rows). Each
plot shows predicted model samples (translucent green), ground truth measurements (solid blue),
and the criteria limits (dotted red) from Table A.3. In the title of each subplot is the predicted
probability of criteria fulfilment, as well as the ground truth for each variable. All examples except
the middle row have ground truth “no switch”. Examples in the first two rows indicate it is possible
for variables to be missing data in the prediction window
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