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01. Introduction:

Clinical impacts, current snapshot & gaps,
research question, and purpose



Cardiac telemetry monitoring
N @

Electrode

What is Telemetry?

Cardiac telemetry: continuous, remote
monitoring of a patient’s heart patterns
with electrode patches on the chest. Data
transmits to central station where staff can
find irregularities.

P Cleveland Clinic ©2024 Heart rhythm monitor

Non-actionable alarm: No documented intervention within 60 min.
“Intervention” can include: new medication order, stat lab, rhythm
Intervention, cardiology escalation, RRT, code.
e Why 60 min? A convention we will test with a sensitivity
analysis at 30 and 120 min.
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42 telemetry units

available for Cardiology and
Internal Medicine patients in TGH
and Princess Margaret

80-99% non-actionable

or false alarms that are
contributing to alarm fatigue and
cognitive overload [2]

Statistics

Q) 1D ROGERS CENTRE
g FOR HEART RESEARCH

76% inappropriate

telemetry days according to
established practice standards [3]

$528,241 saved

(on estimate) by eliminating
Inappropriate telemetry days [1]


https://www.sciencedirect.com/science/article/pii/S0002914918314887
https://www.sciencedirect.com/science/article/pii/S0002914918314887
https://psnet.ahrq.gov/perspective/reducing-safety-hazards-monitor-alert-and-alarm-fatigue
https://jamanetwork.com/journals/jamainternalmedicine/fullarticle/1906998
https://www.researchgate.net/publication/345914677_AHA_Telemetry_Guidelines_Improve_Telemetry_Utilization_in_the_Inpatient_Setting

. -

Current Gaps Packs

o

Lack of Dynamic Reassessment
Rigid 24/48/72-hour renewal

intervals

Black-Box Al
Limited transparency reduces

clinician trust in current models
(ex. CHARTWatch, MoMe Arc, Qaly)
[4,5,6,7]

N >/\‘/\< 7

Workflow Disconnect
Discontinuation is infrequent as it is

unclear who reassesses—or when to
discontinue

[4] https://revistas.uepg.br/index.php/ijac/article/view/26315/209209220559 [5] https://unityhealth.to/2024/09/ai-tool-study/ [6] https://infobionic.ai/mome-arc/ [7] https://www.qgaly.co/



https://revistas.uepg.br/index.php/ijac/article/view/26315/209209220559
https://revistas.uepg.br/index.php/ijac/article/view/26315/209209220559
https://unityhealth.to/2024/09/ai-tool-study/
https://infobionic.ai/mome-arc/
https://www.qaly.co/
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Research Question

Can an explainable Al-assisted telemetry stewardship
model safely identify low-risk patients for earlier telemetry
discontinuation without increasing adverse cardiac events?
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Research Purpose

To help clinicians make safer, more transparent, and
more efficient decisions—reducing unnecessary
monitoring, false alarms, and staff burden while
preserving patient safety.
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02. Methods:

Requirements, objectives, and
constraints to validation.



TED ROGERS CENTRE
FOR HEART RESEARCH

Peter Munk
Cardiac
Centre

[

‘ Background on Concepts
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Encoder Al ENCODER

a neural network part that

changes raw input data, like text ﬂ&ﬁ»ﬂﬂ ﬂ C { I -
orimages, into a compact S S MRS R S e
internal format s

Ablation study

a test where parts of a model are removed/turned off to see how

performance changes. This helps see if that piece helps the system or
does nothing at all.

Negative Predictive Value (NPV)
a statistical measure to evaluate diagnostic tests, being the chance that a

person does not have a disease when they get a negative test result.
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Functions Objectives Constraints TLDR
MUST:
F1 — 01 Ca / nt
e + B ® l Pischicadslasnety ihee pacity / Deployme 1.recommend when tele can
— duration =217% C1 E 42 channels at TGH, ~40 concurrent safe ly StOp
SN S B cmm Retrospective, offline, no live 2.explain every recin clinical
l 03 C2 Eﬁ: clinical influence terms
' Maintain safety: C3 %a_Clinician retains all decision authority 3.rank patients when channels
F2 , , @ NPV299%at 48 h < i
& Tlme-updatung cC4 ﬁ. De-identified, UHN servers only run short
x_/ risk estimate MUST NOT:

J
' , -

04

clinical features

v Maximise interpretability:
Q:: traceable to named

Data / Modeling
Cc5 5]:1. Severe class imbalance

Cé Jf'.;ﬁ. Mo beat-level annotations

cs %;‘: Ward-grade artifacts: motion,
‘= EMG, lead-off, baseline wander

F6 F3 +£5
A 2]+
Abstain if Discontinue /
signal quality reassess interval
insufficient + rationale
F4& 1=
—
] —
A —
Rank patients for
finite channels

05

."i' T Free monitored-bed
L—I- capacity
02

Reduce non-actionable
ﬁ l alarm burden

Governance / Reporting

c7 @ TRIPOD+AI and PROBAST
compliance

C9 @ Mo additional interruptive alert

e act onits own (clinician decides)

e add another interruptive alert
FIXED LIMITS:

e 42 monitoring channels at TGH

e adverse events are rare (~2%)

e NO labelled ward tele exists

11



02.1. Design Requirements:
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I Attention to C9, being no interrupts

Functions

Objectives Constraints

1-’N-+

Telemetry waveform + EHR

Capacity / Deployment
Reduce telemetry

duration 217%

C1 -"'u,.- v 42 channels at TGH, ~40 concurrent

m@l

NN Retrospective, offline, no live

Y

Eﬁ} clinical influence

Maintain safety: o

F2

F6

x

Abstain if
signal quality
insufficient

£ Time-updating
x_/ risk estimate

C3 M Clinician retains all decision authority

03
e

NPV 299% at 48 h

C4 &E De-identified, UHN servers only

finite channels ||

Discontinue / + Free monitorey cg &i= Ward-grade artifacts: motion,
: oy .
reassess interval L=| capacity % EMG, Iea{l off, baseline wander
+ rationale .
e ; — Governance / Reporting

TRIPOD+AI and PROBAST
compliance

G?Fﬁ

c9 & No additional interruptive alert

Reduce non-actionable
alarm burden

1 — :
Rank patients for | E

|

[15] https://pure.johnshopkins.edu/en/publications/optimizing-decision-support-alerts-to-reduce-telemetry-duration-15
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e C9 constrains

us THE
MOST, and it
is usually

most ignhored.

Targeted EHR
telemetry
alerts have
been trialled:
~31% clinician
acceptance
[15] .

A tool with
lots of pop-
ups is just a
NEW alarm.

12
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‘ Two-stage hybrid (because tele gives 2 types of data)

Waveform encoder -> tabular classifier

Stage 1 (Inputs) Stage 2 (Encoder) Stage 3 (Merge) Stage 4 (Output)
Extracted
™ Clinical Features
. | Heart Rate
T H_&; , QRS Duration
( }; {k f‘< ST-Segment ’.
I"...: 1 Deviation | _
N T-Wave =
s, Morphology XGBoost
\J ‘~\\
Telemetry ECG ST Physician Review
~
~
~ The self-supervised learning pre-training
N Electronic Health ) step makes this feasible without
\ Record (EHR) . | annotations! Recent applications of DL to
. * \ Vo, T C6 '~ No beat-level annotations continuous patient monitoring have used
||
Stage 1+2: learns rhythm structure from unlabelled 147,000+ hours of unannotated ECG
telemetry [8]. 13

waveform, no annotations required (C06)

[8] https://arxiv.org/html/2406.16915v1
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‘ Two-stage hybrid (because tele gives 2 types of data)

Waveform encoder -> tabular classifier
Stage 1 (Inputs) Stage 2 (Encoder) Stage 3 (Merge) Stage 4 (Output)

Extracted
Clinical Features

Heart Rate
QRS Duration

ST-Segment
1 Deviation
~ - L8 T-Wave
1D-ResNet encoder Morphology

i

Physician Review

Electronic Health Stage 3: fuses features with
Record (EHR) ,
EHR data, where gradient
boosting outperforms deep

C5 m Severe class imbalance nets (C5) 14
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02.2 System Architecture: U H N Peter Munk

[

‘ Two-stage hybrid (because tele gives 2 types of data)

Waveform encoder -> tabular classifier

Stage 1 (Inputs) Stage 2 (Encoder) Stage 3 (Merge) Stage 4 (Output)
Extracted
/?. . Clinical Features
s
1| Heart Rate
, QRS Duration
ST-Segment
Deviation
L T-Wave
10-ResNet encoder Morphology
g —T 4
Telemetry ECG ,' Physician Review
!
II
Electronic Health ! .
Record (EHR) - — F3+Fo = Stage 4: every output carries a
.— Maximise interpretability: = i :
(= imceable Bnahed. - +_ =0 SHAP attribution over named
"™ clinical features Discontinue /
reassess interval features (F5, O4)

+ rationale 15



TED ROGERS CENTRE

02.4. Design decision 2: explainability by construction U H N Peter Munk
FOR HEART RESEARCH

Cardiac
Centre

,

‘ Explainable is a requirement, not a feature

' Bed 5B-12

TELESAFE: LOW RISK e SHAP over raw latent dimensions Is not
P —— clinically explainable
Recommend: reassess for discontinuation ) ,
Next reassessment: 12 h O Eg ”embedd|ng 47 Cont”bUted
-0.42" is not actionable

2 « Sinus rhythm, stable 41 h

/ * No PVC runs > 3 beats in 24 h e Constrain the encoder to emit named
/ + K+4.1,Mg 0.9 —in range o
Stage 4 (Oubut) : E;;";;,E‘S?-E,é’. clinical concepts (e.g. longest pause,
! rate, rhythm stability). Connect risk to
Sighal Juality Goad (S ERRalVEADM) features a cardiologist already reasons
Accept Keep telemetry @ why? Wlth (04)
L 04 aximioat i
A mocked-up clinician card .:,: . Eﬂ;égﬁéls:tlgtﬁ;ﬁ:;a lity:
"~ clinical features

16

Physician Review
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02.7. Verification and validation plan UHN Peter Munk

,

‘ What we could test without patient data

Still waiting on data, so cannot validate clinical claim yet. However, we verified the
components independelty against requirements, using free data/modelling.

What we tested How we tested it

F2 ] Can it detect arrhythmia in patients Public ECG database (MIT-BIH,

Y

/A Time-updating
x_/ risk estimate

it's never seen? PhysioNet) [12 13]

Is the two-stage design necessary? Ablation

03 ainai safet Is our own safety threshold Statistical analysis
@ NPV200%at48h mEﬂﬂiﬂngl

% \ Is the capacity claim real? Queueing/capacity model (Erland-B)

o, + Free monitored-bed
L=| capacity

‘ C1 A~ 42channels at TGH, ~40 concurrent

17

[12] doi: 10.1109/51.932724, [13] doi: 10.1161/01.CIR.101.23.e215.



02.7. Verification and validation plan

Can it detect arrhythmia in patients Public ECG database (MIT-BIH,

it's never seen? PhysioNet)

* Initial model test on MIT-BIH open-source (clean) ECG dataset

Patient leakage inflates every class

1.0 - N A intra-patient (leaky)
B B inter-patient (de Chazal)

0.8 Random split Patient-disjoint
Accuracy 0.957 0.770
E 0.6
et Macro F1 0.655 0.332
e
0.4 Weighted F1 0.963 0.819

0.2 -

0.0 -

M S W F
nedd, 241 nm]l 837 nm3, 220 n=388

AAMI| beat class

Same model, only split changed.
Shuffle beats randomly so a patient Split so no patient appears in both

In both training and testing (“leaky”): (“de Chazal” [14]): 77% accurate
96% accurate 18

[14] doi: 10.1109/TBME.2004.827359



02.7. Verification and validation plan

What we tested How we tested it

Can it detect arrhythmia in patients Public ECG database (MIT-BIH,
it's never seen? PhysioNet)

‘ Initial model test on MIT-BIH open-source (clean) ECG dataset

If a patient's beats are in
both sets, the model
doesn't learn to recognise
the arrhythmia. It learns
to recognise the patient.

Flattering (96%) vs. honest
(77%) comparison & &=

U‘ ‘ [e BeaEs ranao [y SO a paglenE

In both training and testing (“leaky”):
I JW& I
4
Beyond project scope: most highly accurate ECG accuracies published, that are

above 99%, are leaky. 19



02.7. Verification and validation plan

What we tested How we tested it

Can it detect arrhythmia in patients Public ECG database (MIT-BIH,
it's never seen? PhysioNet)

3l The model is able to detect PVCs very well, but not PACs.

Only ventricular ectopy beats chance on unseen patients

= = random baseline (prevalence)
1.1x% . AUPRC (interpatient)

13.8x

0.8x
M F
nmdd_2d] =388

[9] https://www.galy.co/post/premature-ventricular-contraction-single-vs-premature-atrial-contraction-single-on-your-watch-ecg

PVC = wide, misshapen beat.
Detected ~14x better than

chance.
PAC = normal-looking beat that
arrives early. Detected almost

Same as cnance.




02.7. Verification and validation plan

Is the two-stage design necessary? Ablation

The model is good at shapes, useless at timing. Training failure
or can we revise?

Only ventricular ectopy beats chance on unseen patients PVC = Wide, miSShapen beat.
- = random baseline (prevalence) ~
-~ Al O Detected ~14x better than
13.8x chance.

PAC = normal-looking beat that
arrives early. Detected almost
same as chance.

0.8x
M F
mdd 241 n= 388

Good at shapes, useless at timing. Training failure or can.we revise? 2l



02.7. Verification and validation plan

Is the two-stage design necessary? Ablation

Each half of the model does a job the other one can’t, which is
why we have 2.

Stage 1 morphology vs Stage 1 + RR (tabular)

O == S supraventricular Adding timing features more than
2 s, doubled PAC detection! (how long
3 since the last beat, how long to the
] 0.6 - next).

@
© 0.4
2 0.2 Input PAC lift PVC ift
Timingonly 0.116 3.13x 0.571 8.81x
0.0 -
RR only encoder only encoder + RR
Analysis window: 256 samples at 360 Hz = 0.711 s = one RR interval at 84.4 BPM Encoder only 0.061 1.65x 0.904  13.94x
One RR interval: 72 BPM = 0.833s
WINDOW IS SHORTER THAN ONE BEAT-TO-BEAT INTERVAL so it Enccrg:ley 0.149 404x 0938 14.47x
carries no timing. Above the 84.4BPM equivalent, a neighbouring R and timing

peak starts entering window. Likely why encoder has weak PAC signal.
Limited by physiology!

id1ON

22



02.7. Verification and validation plan

23

L

Negative predictive value (%)

What we tested How we tested it
Is our own safety threshold Statistical analysis
meaningful

Auditing our safety threshold failed. “99% safe” can mean
missing half of events.

100 4

95 1

A high NPV is mostly given by low prevalence

g#mtire &L hervalEe fangs

=l AL SN EiMmeEE PRy Ot

= = gt Aaled threthold. NP = S0

1

Fs 3
d8-hour adverse event rate (%)

4

Maintain safety: ( )
NPV 299% at 48 h O 3

03'6

Initial (default in research)
NPV=99%.

e At a 2% event rate,
recommending
discontinuation for everyone
scores 98%.

NPV=99% has 51% sensitivity.
Half of events are still missed.

UHN

Peter Munk TED ROGERS CENTRE
Centre FOR HEART RESEARCH



02.7. Verification and validation plan

Is our own safety threshold Statistical analysis
meaningful

' Auditing our safety threshold failed. To get sensitivity 95%, use
NPV 99.9%.

What that threshold actually demands (best case, Sp = 1)

D3 99.9% lﬂﬂ desssssEEsssEEEEEEEEEEEEEEEEEEEEES
® o, |99 '99.9% NPV (2% PREV, 95% SENS)

Eﬂ_

(O3)

2

99% NPV (2% PREV, 51% SENS)

3 1% sensitnsity
= 49% of events mitsed

Sensitivity required (%)
Ol
S -

— NP targel 99.0%
— NPV target 99.5%
MY targel 99.9%

|:| ! :f ¥ T F
1 P 3 = &

48-hour adverse event rate (%) Peter Munk
UHN Cardiac
24 Centre
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02.7. Verification and validation plan
Is the capacity claim real? Queueing/capacity model (Erland-B)
Il Capacity Model

We can use a LOSS system, with Markovian (Poisson) arrivals, Markovian service times, C
servers, and total system capacity being c.
e Implies NO queue. If all servers busy, arrival is LOST and not held in line (similar to
TGH)
Model: Erlang-B, that asks “how many circuits does a switchboard need so callers rarely
get a busy signal?”[10]. Today, the MOST applicable model to hospital bed allocation [11].
e Matches TGH because finite pool of channels, stochastic arrivals, variable holding
times

offered load: A=Axh
e A =arrivals per hour
e h =mean holding time
e A = average number of channels
that would be busy if we had
unlimited tele. Has units
“Erlangs”.

[10] https://www.semanticscholar.org/paper/adf5b0d899df65c58caab65f2dd64d2f5e7ebaaa 2 5
[11] https://www.researchgate.net/publication/220461897_Dimensioning_hospital_wards_using_the_Erlang_loss_model[2]



02.7. Verification and validation plan

Is the capacity claim real? Queueing/capacity model (Erland-B)
“ (] (] [ ] [ J (] [ ”
‘ Nine more monitors without buying nine more monitors.
Blocking rises sharply near capacity Capacity created by a 17% duration cut
m— Current practice
35 4 = = With 17% shorter monitoring ) 10 1
ﬁ 9_4_
& 30- m
E = : _ B +9 channels
=3 2% !
= 251 =
La ¥ e
= Ty 6-
am 20 - v 2
m E S
2w 15 B
1 2 4-
o m
g 2 10- s =
. g
5 1 ® 27
0 -
|| I | | I || ] || I:} ] L] 1 L] 1 L] 1
28 30 32 34 36 38 40 28 30 32 34 36 38 40
Mean channels in use (of 42) Mean channels in use (of 42)
NOTE: we were told “40/40 beds full” is a daily thing, EXTRA physical channels (at 50h duration) to get the
from our own research at the 5B ward in TGH. blocking probability that the 17% reduction gives for free

~10% reduction of full beds +9 Channels free

UHN Peter Munk TED ROGERS CENTRE
Centre FOR HEART RESEARCH
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02.7. Verification and validation plan

01
@ l Reduce telemetry
duration 217%

02

I\

Reduce non-actionable
alarm burden

03
T

Maintain safety:
NPV 299% at 48 h

L

04

v— Maximise interpretability:

L

* — traceable to named
clinical features

05

+

h=|

Free monitored-bed
capacity

* Evaluating Objectives

Req Test

01

02

03

04

05

Simulated vs actual
discontinuation time,
paired

Non-actionable alarms
per patient-day

Adverse events within 48
h of simulated
discontinuation

Explanation fidelity

Bed-days saved = sum of
hours saved + 24

Model discrimination

Model calibration

Maetric

Median change in
telemetry hours

Internal rate of
return (IRR)

NPV

Clinician review of n
sampled SHAP
rationales

Bed-days/month,
projected cost

AUPRC primary,
AUROC secondary

Brier, calibration
intercept + slope

Statistical method Acceptance threshold

Wilcoxon signed-
rank, median + IQR,
95% CI

Paired negative
binomial

Wilson score 95%
Cl

Qualitative

MNon-parametric
bootstrap, 1000
resamples

Calibration plot

= 17% reduction, p < 0.05

IRR < 1, Cl excludes 1

NPV = 99% AND
sensitivity reported
alongside

Pre-specified agreement
rate

95% Cl excludes zero

Pre-specify floor

Slope within 0.8-1.2

UHN Peter Munk TED ROGERS CENTRE
Centre FOR HEART RESEARCH
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02.7. Verification and validation plan UHN Peter Munk

[

‘ Evaluating Objectives (#1)

Req Test Metric Statistical method Acceptance threshold
01 Simulated vs actual Median change in Wilcoxon signed- = 17% reduction, p < 0.05
Recuce telemery discontinuation time, telemetry hours rank, median + IQR,
paired 95% ClI
simulated
admission discontinuation
model-simulated telemetry duration telemetry adverse event
hours saved surveillance window
"
. 48-hour
actual telemetry duration
admission actual

discontinuation

28



02.8. Limitations, failure modes, and safety analysis UHN Peter Munk
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,

* What could go wrong

The counterfactual problem (most significant)
If telemetry caught an arrhythmia -> triggered an intervention that prevented a code, our "no

adverse event" label is contaminated by the very monitoring we propose removing.
Mitigation: Restrict primary safety events to those detectable independent of telemetry (e.g.
Code Blue, triggered by nurses and vitals, not only by the monitor). Sensitivity analysis
excluding encounters where the intervention was demonstrably telemetry-triggered.

Asymmetric error

Under-triage can be fatal, over-triage wastes a channel.

Mitigation: loss weighting is deliberately asymmetric: 3.0 on adverse complications vs 1. O on
baseline. The model abstains rather than guesses when signal quality fails the gate (F06). Q

Abstain if
Generalisability and fairness o
Single-centre, single-vendor (Philips), external validation not yet performed.
Mitigation: Subgroup performance reported by sex, age band, BMI, and ethnicity per

TRIPOD+AI. Ten-year window spans practice change; temporal split is our test for drift.

TED ROGERS CENTRE
FOR HEART RESEARCH
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03. Future Directions
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TN RS ESEASA e Validate TELESAFE using retrospective
. . TGH data:
Future Directions
S o On actual tele
146 58 ?“r;*';qﬁﬁ B | o Use tele bed admission data to
9 ;"” iy AU strengthen Erlang-B argument
B V™~ o On actual UHN tele costs
9‘5 H'qunﬂ' s _
‘Liai.gz‘iﬂg*pgﬁ Nl Aol e e Evaluate safety and accuracy of
. ﬂg qrp ST M telemetry-discontinuation predictions
s T ' e Progress toward prospective clinical

validation and implementation
Epic EHR Phillips Telemetry Operational Data

31
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% Jﬂ\ JfTELESAFE Jﬂ\ J/\ Jﬂ\ |
e Earlier safe discontinuation of telemetry

e Reduce telemetry hours

e Improve patient flow, save bed-days

e Preserve limited telemetry capacity for patients

who need it most
o Support -NOT replace- clinical judgment

.."Nine more monitors without buying

nine more monitors.”

Un=RD UHN &

TED ROGERS CENTRE 32
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‘ Hyperparameters

e Encoder:
o 32 filters
o k=b - 64 filters k=3 s=1,
O S=2
e PRelU
e Spatial dropout 0.25-0.40
° |2
e 2-layer BiLSTM/GRU
e penultimate dense 128-256
e Training: batch 64-128, 50-100 epochs
o EarlyStopping patience 10
o ReducelLLROnPlateau factor 0.1 patience 5.
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02.7. Verification and validation plan

‘ The way we split the data changed our results

Held constant:
e architecture (1D ResNet stem - 3 residual blocks » 2-layer BiGRU -» 128-d dense)

e hyperparamters: Adam, lr 1e-3, batch 128, 12 epochs, ReduceLROnPlateau (factor
0.1, patience 2)

e preprocessing: 256-sample window on R-peak and per-beat Z-score
e inverse-freq class weighting

e random seed (7) to NumPy, PyTorch, CUDA

WHAT CHANGED: COHORT:

1.ARM A: all beats pooled, shuffled, 80/20 o 44/48 MIT-BIH records, 4 excluded becaL.Jse of
: : : paced rhythms, per AAMI recommendation
split. Patients on both sides

. e DS1: 22 records, 51002 beats (train). DS2: 22
2.ARM B; de Chazal DS1 » DS2, no patient records, 49693 beats (test)
crosses boundary e MLII lead selected by header name, not channel
Index. Record 114 stores on MLII on channel 1,
and taking channel O blindly would feed the

model a diff lead for same patient.
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4 Adverse Event Defns

For the purpose of this study, adverse cardiac events will refer to primary outcomes
reporting:
e Code Blue activation
e Rapid Response Team (RRT) activation
e Unplanned ICU transfer / ICU step-up
e Clinically significant arrhythmia
a.Ventricular tachycardia (VT)
b.Ventricular fibrillation (VF)
c.Torsades de pointes
d.Sustained supraventricular tachycardia requiring intervention
e.New-onset atrial fibrillation/flutter requiring treatment
f.Symptomatic bradycardia
g.High-grade AV block

h.Asystole / significant pauses
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4 TRIPOD+AI / PROBAST alignment.

TRIPOD+AI: Transparent Reporting of a multivariable prediction model of Individual
Prognosis Or Diagnosis [1]

e 22-item checklist, which aims to improve the reporting of studies developing,
validating, or updating a prediction model, whether for diagnostic or prognostic
purposes.

e Aims to improve the transparency of the reporting of a prediction model study
regardless of the study methods used

PROBAST: Prediction model Risk Of Bias ASsessment Tool [2]

e Atool for assessing the risk of bias (ROB) and applicability of diagnostic and prognostic
prediction model studies

e 4 domains: participants, predictors, outcome, and analysis, each with a total of 20
signaling questions to occur when shortcomings in study design, conduct, or analysis
lead to systematically distorted estimates of model predictive performance.

[1] https://pubmed.ncbi.nlm.nih.gov/25560730/
[2] https://pubmed.ncbi.nlm.nih.gov/30596875/



‘ Why XGBoost and not a neural net end-to-end?

Sparse tabular data, sample size, native missingness handling, and SHAP tractability.

39



I Isn't 95% sensitivity extremely demanding?

Yes, deliberately. The errors are asymmetric: missing a deteriorating patient can be
fatal, over-monitoring wastes a channel. Rather set a hard target and report
honestly against it than set one we're guaranteed to clear.
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‘ SHAP tells you feature importance for the model.
How do you know that's the actual clinical reason?

SHAP explains the model, not the physiology, and explanations can use model
outputs while being misleading. That is why we ensured the encoder named
clinical concepts rather than explaining raw embeddings.
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02.2 System Architecture:

Stage 1+2: learns
rhythm structure from
unlabelled waveform,

no annotations
required (C0O)

Cé6 -N:'{f«. No beat-level annotations

Stage 4: every output carries a
SHAP attribution over named
features (F5, 04)

F3 +F5

Phillips telemetry
Continuous ECG waveform

|

1D-ResNet encoder
Self-supervised pre-training

'

Concept layer
Named clinical features

‘ Two-stage hybrid: waveform encoder into tabular classifier

Epic EHR
Lab, vitals, meds, history

Stage 3: fuses
__—===[""" features with EHR

XGBoost classifier
Risk tier, reassess clock

data, where
M . .
xR gradient boosting
i outperforms deep

I

nets (CH)

?E + E_J (04
Discontinue /

reassess interval
+ rationale

— Maximise interpretability:

v

:E traceable to named
"™ clinical features

Clinician decides
SHAP rationale shown

C5 5]:& Severe class imbalance

4.2



02.3.Design decision 1: architecture trade study

* Why not just use one model?

Option Uses waveform Handles sparse Interpretable
EHR
AHA rules-only No N/A Yes
CDS (current
practice)
Within the encoder — Tap1ar ML on No Yes Yes

family we compared
plain 1D-CNN (no EHR only
long-range

memory), SlowFast End-to-end deep  Yes No No
(multi-scale but learning
heavier), and DNN-
RB with a Hybrid encoder to = Yes Yes Yes
bidirectional

\GET

DNN-RB was selected for single-lead-1l compatibility with tele and for its residual
depth without gradient collapse.

recurrent head.
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02.5. Data and preprocessing pipeline

‘ Clean ECG vs. Telemetry, issue with raw data

10-second ECG — clean, annotated, 12 lead

Jdb b b

i i
P PR QRS ST T 12 lead
wWave inMerval complex segment wave
—
QT interval

72-hour telemetry — noisy, unlabelled, single lead

MJWMMW

'

/ @}
'I .'f'r r \
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02.5. Data and preprocessing pipeline

* Raw signal -> model input LA
Raw telemetry Denoise Segment Normalise | N Encode
|" i__ I
? — — L= - B
M [ : E il Aﬂ/\_ =
— Morlet wavelet; baseline Eﬂﬂ-samplewinduws[ Z-5COre; Zero mean,
wander + EMG anifasﬁt at 250/500 Hz unit variance; per lead
(A,

Study population
« Source: UHN Epic + Philips

Abstain i Windows below signal-quality
signal quality  thireshold are flagged, not imputed

insufficient

Temporal Split & Model Development

telemetry logs — REDCap
« Window: Apr 201 6-Apr 2026

* Include: adults 218 on telemetry
inpatient units

» Exclude: ICU

« Sample size: events-per-variable;
Riley criteria; 2100-200 outcome
events

Split by patient, Random split hides temporal drift
never by window Patient-level split prevents train/test leakage

| Temporal hold-out: train 2016-2023; test 2024-2026
v v

_ Ti 4- ‘
Train (2016-2023; 70%) Eﬂifﬂﬁﬁanﬁgﬁs;ﬂ

l— Resampling applied after split, training fold only
« Imbalance handled with scale_pos_weight; preserve calibration reporting
« Variables >40% missing considered for exclusion; XGBoost handles remaining sparsity

All encounters retained regardless of discharge, transfer, escalation, or death
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02.6. Workflow Integration

‘ Where it is used in the ward day

24-hour midday afternoon handover night shift

s D> @C
L ]

morning rounds

: : .

Physician

Telemetry monitoring station

TELESAFE worklist —
batched, non-interruptive

= Bed A - Low Risk
(Pastel Green)

Bed B - Moderate Risk e
(Pastel Yellow)

= Bed C - High Hisk
(Pastel Red)

Bed D - Low Risk
(Pastel Green)

—




02.6. Workflow Integration

Il Window Geometry and PAC ceiling. Why not widen the
window?

We could, and that's the obvious next step. We used four timing features
deliberately as a minimal ablation, to isolate the mechanism rather than

compete on benchmark performance. Widening the window changes several
things at once.
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