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Research has demonstrated that 72% to 99%
of clinical alarms are false. The high number
of false alarms has led to alarm fatigue.
Alarm fatigue is sensory overload when cli-
nicians are exposed to an excessive number
of alarms, which can result in desensitization
to alarms and missed alarms. Patient deaths
have been attributed to alarm fatigue. Patient
safety and regulatory agencies have focused
on the issue of alarm fatigue, and it is a 2014
Joint Commission National Patient Safety
Goal. Quality improvement projects have

demonstrated that strategies such as daily
electrocardiogram electrode changes, proper
skin preparation, education, and customiza-
tion of alarm parameters have been able to
decrease the number of false alarms. These
and other strategies need to be tested in rig-
orous clinical trials to determine whether
they reduce alarm burden without compro-
mising patient safety.
Keywords: alarm fatigue,
regulatory agencies

patient safety,




What doctors and patients actually
want to know: why is this happening
and what can they do about it?



Data to knowledge



"The second lesson is that, when trying to make
predictions you needn’t worry too much about why
your models work... And, in the prediction business,
you just need to know that something works, not

1

why.

Stephens-Davidowitz, S.(2017) Everybody Lies. Bloomsbury.
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People should stop training radiologists now. It's just
completely obvious that within five years deep learning is
going to do better than radiologists because it's going to
be able to get a lot more experience.

Geoff Hinton in 2016

https://www.youtube.com/watch?v=2HMPRXstSvQ


https://www.youtube.com/watch?v=2HMPRXstSvQ
https://www.youtube.com/watch?v=2HMPRXstSvQ

Predict

P(Pneumonia)=0.024 SUPINE

PORTABLE

0.14

0036 -22

0.87
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Patient with pneumonia: heatmap of CNN on left, original image on right

https://jrzech.medium.com/what-are-radiological-deep-learning-models-actually-learning-f97a546c5b98



Cheese consumed

Explain

Per capita cheese consumption
correlates with

Number of people who died by becoming tangled in their bedsheets

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

331bs 800 deaths
ws}
19)
o
»
8
31.51bs 600 deaths ®
ot
1]
=
Q
301lbs 400 deaths 8
»
28.51bs 200 deaths

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

-®- Bedsheet tanglings-¢- Cheese consumed

tylervigen.com

tylervigen.com



Explain
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o Starbucks stores = Autism diagnoses
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C. Merck and S. Kleinberg. Causal explanation under indeterminism: A
sampling approach. AAAI, 2016.



Control

Reducing class sizes in Tennessee led to better
scores on standardized tests

Will it work in California?

Bohrnstedt, G. W. and Stecher, B. M. (eds.) (2002). What We Have Learned about Class
Size Reduction in California . American Institutes for Research, Palo Alto, CA.



Can we learn..

risk factors for heart failure

Kleinberg & Elhadad (2013) AMIA
what leads to an individual’s hyperglycemic
epiSOd es Heintzman & Kleinberg (2016) JBI

causes of secondary brain injury
Claassen et al. (2016) PLoS ONE

from observing people?



Logic-based causal inference

Complex, temporal relationships
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Can we trust the data”?



Application: learning from
patient generated health data

* Chronic diseases are managed primarily by
individuals

» Qutpatient data brings even more uncertainty than
EHR data



FDA guidance

95% of fingerstick BG values must be within 15% of the
actual value

A value of 150 could be [128, 172]

A value of 70 could be [60,81]



CGM accuracy is also a function of time

Mean Absolute Relative Percentage of
Number of Readings / Difference Readings within
Unique Patients 95% Confidence Interval 15 mg/dL or 15%?*

11.6%
(10.0, 13.1)

9.8%
(7.9.11.7)

79%

86%

https://www.fda.gov/media/112142/download



17 subjects with T1DM, sensor
data (collected for >72 hours)

Used causal inference methods +
body-worn sensors to find cause
of changes in glycemia

® intense activity leads to
hyperglycemia in 5-30min

only found when modeling
uncertainty

4 T
o0

sleep monitor | SenseWear™

headband, worn from ; activity monitor (3-

bedtime to waking

_‘*)’ "‘
LR

Insulin pump, 24 hrs/day
(subjects wore their own pumps,
in this case with infusion site on
lower back, pictured to left)

axis accelerometry,
skin temp, GSR, and
more), 23 hrs/day

rate monitor

| Polar Team™ heart ‘

12-23 hrs/day

Actiwatch™,

Philips-Respironics
12-23 hrs/day

( Dexcom 7+™ continuous glucose monitor, 24 hrs/
day (research CGM had “blinded” display; this
subject also wore his own CGM during the study)

N. Heintzman and S. Kleinberg. Using Uncertain Data from Body-Worn Sensors to Gain Insight into
Type 1 Diabetes. Journal of Biomedical Informatics (2016)



| atent variables are
not always latent



® | everage prior knowledge (experts, other experiments)
® Be robust to wrong/inapplicable knowledge

® Reconstruct time series

® |dentify inconsistencies

® |terate



1. reconstruct data

2. find errors
Max(Dle,t —s]...Dle,t —r]), if e € pa(v)

| . Mazx(Dle,t +r]...D[e,t+ s5]), if e € ch(v)
3. Infer causes | Max(UJ, Maz(D[y,t +r]... Dly,t + s]))
where 1y € (ch(v)nech(e)),and e € pa(ch(v))



truth

ours tsFCI



We can use knowledge of the effect of meals on glucose
to recover latent meals and their effects

We find: exercise causes meal in 60-85min, moderate
exercise causes hypo in 70-90min, 67 meals recovered
tsFCI: 1 latent variable, and hypo/hyper cause themselves

M. Zheng, and S. Kleinberg. (2019) Using Domain Knowledge to Overcome Latent Variables in Causal
Inference from Time Series. Machine Learning for Healthcare.



Stroke

» 98 patients with subarachnoid hemorrhage

* Monitoring included
* Depth and surface EEG

* Microdialysis

* Physiologic measurements



Data for 3 ICU patients. Purple = missing

Time

S. A.Rahman, Y. Huang, J. Claassen, N. Heintzman, and S. Kleinberg. Combining Fourier and Lagged k-
Nearest Neighbor Imputation for Biomedical Time Series Data. Journal of Biomedical Informatics (2015)
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18 (25%)

37 (48%)

>

194168 hrs

Claassen J, Rahman SA, Huang Y, Frey H, Schmidt M, Albers D, Falo CM, Park S, Agarwal S, Connolly ES,
Kleinberg S (2016) Causal structure of brain physiology after brain injury. PLoS ONE.



MV

WS

o W 4
r@%

o,
o

;

= |

5 (15%) 6 (3%)

%) B (15%)

Claassen J, Rahman SA, Huang V¥, Frey H, Schmidt M, Albers D, Falo CM, Park S, Agarwal S, Connolly ES,
Kleinberg S (2015) Causal structure of brain physiology after brain injury. PLoS ONE.
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More descriptive structures

Respiratory measures Cardiovascular measures

Brain physiology

Zheng, M, Claassen J, Kleinberg S (2018) Automated Identification of Causal Moderators in Time-Series Data.
ACM SIGKDD Workshop on Causal Discovery.



Does this actually help
people make decisions?



From knowledge to
action



Method | Negative Log Likelihood p-value | MSE p-value
Nile Data (200 Training Points, 462 Test Points)
GPTS 1.1940.0548 0.196 0.57940.0976 0.356
O GPTS-CP 1.1940.0548 0.167 0.583+0.0989 0.335
ARGP 1.1840.0510 0.202 0.568+0.0940 0.410
@ ARGP-CP 1.15 + 0.0555 N/A | 0.553 +0.0962 N/A
Kalman 1.17+0.0508 0.361 0.56240.121 0.453
TIM 1.4940.0714  <0.001 1.164+0.161  <0.001
QO NSGP (grid) 1.15+0.0655 0.490 0.58540.0988 0.321
Bee Waggle Dance Data (250 Training Points, 807 Test Points)
GPTS 8.02+0.504  <0.001 8.44+0.745 <0.001
O GPTS-CP 4.54+0.188  <0.001 3.13+£0.241  <0.001
ARGP 4.35+0.167 0.007 2.9840.224 0.008
@ ARGP-CP 4.07 +£0.150 N/A 2.624+0.195 N/A
Kalman 4.39+0.176 0.002 2.93+0.215 0.016
TIM 4.54+0.177  <0.001 3.25+0.237  <0.001
O NSGP (HMC) 4.1940.212  <0.001 3.17+£0.230  <0.001
Whistler Snowfall Data (500 Training Points, 13380 Test Points)
GPTS 1.4840.0455 <0.001 0.78040.0333  <0.001
@ GPTS-CP 1.1740.0183  <0.001 0.6894+0.0294  <0.001
ARGP 1.314+0.0395  <0.001 0.63740.0268 0.143
@ ARGP-CP -0.60440.0385  <0.001 0.750e£0.0315  <0.001
Kalman 1.2840.0373 <0.001 | 0.614 +0.0254 0.589
TIM 1.4740.0284  <0.001 1.014+0.0387  <0.001
O NSGP (grid) ~1.98+00561  N/A | 0618400242  N/A

G-causal. | TiMINo TS-
DAG linear linear LINGAM
correct 13% 83% 19%
wrong 87% ™% 81%
no dec. 0% 10% 0%

Table 1: Exp.2: Gaussian data and linear
instantaneous effects: only TiMINo mostly
discovers the correct DAG.

Table I: Results on simulated data. Run time is in seconds. *Run time for DBNs is a user-specified parameter.

Common canse & effect Random Finance
~ Method FDOE FNE muntme | FOE FNE muntme | FOE FNE runtime
DBEN= 0000 0006  T200F | 0004 0.0FF TI000F | 0.132 00137 TIDF
(Granger 0488 0000 23 0.798 0.007 230 0.718 0.015 005
Eargle.€) 0650 0000 1567 00533 0015 o6B186 | 0078 0012  B567E
(e, e) 0000 0000 16 0001 0006 5088 0.036 0.006 B436




® \Which causes do we find?
® Stronger causes
® Earlier causes
® Modifiable factors

® Are some causes more valuable than others?



Common Common
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Mind-reading aliens
Griffiths et al. 2011 Mayrhofer & Waldmann 2011

-
View of Acetobacterium under microscope: w

- N

\ View of Acetobacterium under microscope:

Darker colors = high concentration/dos, ‘
= /

Darker colors = high concentration/dosage of HF01-87
L Lighter colors = low concentration/dosage of HF01 -87 )

Drug+microorganism size
Soo & Rottman 2018




Can causal information aid
decision-making in familiar
scenarios?



1. Jane just started college and is adjusting to her busy schedule of classes and extracurricular
activities. She has heard about the “freshman 15,” where new college students gain 15 pounds
during their first year of college. Jane wants to avoid this, while also having fun, making new friends,
and leaving time for homework and studying.

What is the ONE thing you think Jane should do to achieve her goal?

social

Go for a 30 minute walk every weekend pressure

Maintain a healthy diet
Avoid hanging out with friends

Watch less TV
30 min.
exercise

3 times per
week

drinking
alcohol

healthy diet

healthy
weight



—
o
o

% correct responses

p<0.0001

p=0.0031

(0]
o

(o))
o

IN
o

20

No info Text info Diagram
Real-world question version

89% ———————» 80%

social
pressure

30 min.
exercise
3 times per
week

drinking
alcohol

healthy diet

healthy
weight

Zheng M, Marsh JK, Nickerson JV, Kleinberg S. How Causal Information Affects Decisions. CRPI (2020)



Are people doing worse
because they have
experience with the domain?



1. Bob was recently diagnosed with Type 2 diabetes. His body does not produce enough insulin, so after a meal, his blood sugar
may become dangerously high. Bob does not want to inject insulin, and was relieved when the doctor said his diabetes could be
controlled with diet and exercise and ensuring he maintains a healthy weight.

Bob has had a stressful week at work and is looking forward to seeing his friends Friday evening. They usually meet at Bob’s
favorite fast food restaurant for hamburgers, but now he wonders if that’s okay.

What is the BEST suggestion you can give Bob to keep his diabetes under control, and avoid needing insulin injections?

healthy
blood
sugar

Walk to dinner
Order a grilled chicken sandwich instead of a hamburger
Order a grilled chicken salad and ask his friends to go for a bike ride

Do what he usually does



% correct answers

Causal information helps the
less experienced

M Noinfo
100 B Diagram

Accuracy
increases from
71 to 87% tor
people without
T2D Caregiver  No experience diabetes

Diabetes experience




Are people losing
confidence?



Causal information affects
confidence in decisions

No info Causal model

Experience 83% v. confident ——» 70%

92% correct 82% correct

No 42% v. confident ———» 69%

experience 879 correct 94% correct



What it we change what
people think they know?

Kleinberg & Marsh. Tell Me Something | Don’t Know. CogSci (2020)



Knowing what you don't know

No info Causal model

Subjective /1% correct /1%

Control /5% correct 60%



Knowing what you don't know

No info Causal model

Objective /3% correct /2%

Control /2% correct 59%



Action requires
causality

But causality alone isn’t enough



We need evaluations of utility
of algorithms (not just
accuracy)

Explainable Al Usable Al



Information must be
personalized



Thanks! Teams at @ Columbia, Health
Stevens, Lehigh oA Lab

Funded by NLM/NIH, NSF, and JSMF



Consciousness

Vital for decision-making, but time consuming to assess
and poorly understood

« EEG can help assessment (

)

 Changes in consciousness associated w/outcomes

( )

e Brain lesions associated w/ impaired consciousness

( )



JFK COMA RECOVERY SCALE - REVISED 2004

Record Form

This form should only be used in association with the "CRS-R ADMINISTRATION AND SCORING GUIDELINES"
which provide instructions for standardized administration of the scale.

Patient:

Diagnosis: Etiology:

Date of Onset:

Date of Admission:

k| ADM

10 1112

13

14| 15| 16

AUDITORY FUNCTION SCALE

4 - Consistent Movement to Command *

3 - Reproducible Movement to Command *
2 - Localization to Sound

1 - Auditory Startle

T

[

I

BASELINE OBSERVATION AND
COMMAND FOLLOWING PROTOCOL c200

0 - None
VISUAL FUNCTION SCALE Commands Baseline | Trial 1 | Trial 2 | Trial 3 | Trial 4
5 - Object Recognition * 1 minuto ocuency
coun
4 - Object Localization: Reaching *
3 - Visual Pursuit * I Object Related Commands
2 - Fixation * A. Eye Movement Commands
1 - Visual Startle Look at the (object #1)
0 - None Look at the (object #2)
MOTOR FUNCTION S(?rALE B. Limb Movement Commands
6 - Functional Object Use Take the (name object #1)
5 - Automatic Motor Response * Take the (name object #2)
4 - Object Manipulation * Kick the ( bject #1)
. ) . . . * IC! € (name objec:
Z - I;Tcz?llza\;/c?tr; ;0 NO):IOUS Stimulation Kick the (name object #2)
- Flexion Withdrawa

1 - Abnormal Posturing Il Non-Object Related Commands
Sl il A. Eye Movement Commands
OROMOTOR/VERBAL FUNCTION SCALE - =Y ook away from me
3 - Intelligible Verbalization ook o (:t catlng)
2 - Vocalization/Oral Movement Look down (at floor)
1 - Oral Reflexive Movement .
0 - None B. Limb Movement Commands

Touch my hand
COMMUNICATION SCALE il ;ZH o
1 - Non-Functional: Intentional
0 - None C. Oral Movement/
AROUSAL SCALE Vocalization Commands
3 - Attention Stick out your tongue

Open your mouth
2 - Eye Opening w/o Stimulation Close your mouth
1 - Eye Opening with Stimulation Say "ah"
0 - Unarousable
TOTAL SCORE Spontaneous Eye Opening Yes: No:

Spontaneous Visual Tracking Yes: No:




What if we had an automated indicator for
consciousness?



Respiratory and cardiovascular

signals
Brain-related indicators

value

time



Data

61 subarachnoid hemorrhage patients in NICU

e 302 assessments of consciousness daily during
morning rounds (between 1 and 18 per patient)

* Focusing here on impaired and intact
CONSCIOUSNESS



ICP to PbtO2 PbtO2 to BrT PbtO2 to ICP

g0 20 20 Brl: brain temp
: H} : ﬁ no PphtO2: brain oxygenation

Low  High Low  High Low  High

CP: intracranial pressure
RR: respiration rate
40 RR to BrT 40 BrT to RR 10 PbtO2 to RR _|R heart I’ate

0
o) _ .
_g 20 ° 20 20 Physiological Variables p-value # of Patients Mean Lag (Seconds)
IJ_-l From To p<0.1 Low High Low High
FI , 0 : , 0 . 0 ICP PbtO2 00117 14 9 13.87 5.06
Low High Low High Low High PbtO2 BrT 0.0329 11 5 11.30 3.31
PbtO2 ICP 0.0343 14 9 13.61 6.65
RR BrT 0.0360 8 4 5.01  0.00
BrT RR 0.0360 8 4 458 0.00
PbtO2 RR 0.0483 9 6 6.61 030
RR PbtO2 0.0631 9 6 6.25 049
4o RRIOPDEO2  ,, HREOPbLO2 ., PbtOZto AR HR  PbtO2 00666 14 9 1147 7.00
. PbtO2 HR 00753 14 9 12.16 8.06
@ o]
o)
£ 20 20 20

| h

Low High 0 Low High Low High

Yavuz, T. Claassen J, and Kleinberg S. Lagged Correlations among Physiological Variables as Indicators of
Consciousness in Stroke Patients. (under review).



