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Objective:

* To co-develop and evaluate an innovative predictive
analytics dashboard with embedded decision support for
aged care managers, staff, and clients and their families
which drives measurable improvements in client
outcomes in both residential and community aged care
settings.

Primary Outcomes:

 Fall-related hospitalisations

* Quality of life




v Co-develop an aged
E care dashboard of
.= predictive analytics

« and decision
support with staff
and clients

® Integrate aged
care data sources

e Develop & validate
risk models

Methods

e Design dashboard
prototype

Project aims

Observational work
studies

Qualitative interviews
with staff and clients
Think aloud scenario
and usability testing

Stepped-wedge cluster
randomised controlled
trial in 12 facilities &
12 home care outlets
Process and economic
evaluations
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Falls in older adults

* 1in4 people aged > 65 years experience a fall each
year

e Results in serious physical harm or death, have
enduring detrimental effects on mental health, and
reduce the quality of life

* The largest contributor to injury-related
hospitalisations (42%)

 Cause significant economic burden (AUDS3.9 B
nationally)

* 6 out of 7 people who suffer fall-related injuries live
in residential aged care homes, or receive aged care
services from home-based or community providers




Predicting and

preven

(INg

falls

Falls causing harm are often avoidable

Multifactorial interventions may reduce fall
incidence

Risk assessments are usually completed
intermittently

Risk is complex and subject to variation—it does not
remain static

Electronic health records provide comprehensive
and real-time information, presenting an opportunity
for dynamic fall risk assessments



Rationale

* Aged care providers are replacing paper record
systems with electronic systems

Predictive risk model : A * The integration of consumer data into a single
comprehensive electronic health record provides
access to contemporary information about health care
and risks

statistical procedure for
assigning an individual a

probability of developing a

* Predictive models and algorithms which draw on data
about risk factors can be used to perform real-time
assessments of falls risk

future adverse outcome in a

given time period
LA 0405 2%
SeSPeTeN - |
?o:“' * Used to develop predictive models for fall risk
~ identification and decision support in acute and

primary care




Aged Care Assessment Program

Shariiacantica Residential Aged Care Program L

Benefit Scheme . National Aged Care

Aged Care Data Sources - 2

@ @
@ @
@ @
@@

* Key aged care data sources can be Y
collected at state/national levels, !
community and aged care provider

Pharmacy Dispensing

Aged Care Prquise

* Routinely collected aged care provider
data refer to data collected electronically
at an aged care provider level, within there
information systems for day-to-day care
purposes

Medicare Benefit
Scheme Data
General Practice
Management Systems
Emergency
7 *"{-\.: Department

~ Data
f

Socio and
Clinical
Demongraphics

e Assessments include the Peninsula Health

4\  State Hospital

Falls Risk Assessment Tool (PH-FRAT) and '
quallty Of Ilfe tOOI Incidents Hospital Service Paﬂir:emniltggla

Systems




Benefits of Aged
Care Provider
Data

* Readily accessible
* Timeliness

* More granular information

I e Nl

Benefit Scheme Medication Record
B O .
swemgn Ll 0
E

Duration of use
Date and time
medication were

taken
Off label / Private

use / unsubsidised

medications

Doses
administered,

including ‘PRNs’

Reason for the

missed dose
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Epidemiology of falls
in residential aged care




Cohort and baseline
characteristics ( \|

6.727 residents

-
Total residents aged =65 vears
10,226 admissions

Ty

Excluded

Interim care

17 residents J:

(exampleS) | 26admussions

h 4

Permanent or respite
6.710 residents
10,200 admussions

-
Same-day discharge | Excluded
535 residents J‘"

198 admissions

Y

6,163 residents: 57% permanent _ _
Female = 66.2% i |
Median age = 86 years

Pre-existing health conditions
v'Dementia = 48.2% [ x { v \

. Permanent admissions Respite admissions
v’ Depression = 38.0% 5.553 admissions 4,449 admissions
v’ Cerebrovascular accident = 23.8%

v'Diabetes mellitus = 21.9%

S A




Falls incident rate (IR)

6,163 residents = 3,508,842 person-day

25,040 fall incidents —»[ IR= 7.1 falls /1000 person-day}

What
does this
mean?

A median Of_ 3 7 new incidents of falls
falls per resident for every 1,000 person

days of care.

17



Falls incident rate (IR)...

25,040 fall incidents

CWASCNEYMLZIRN « injurious falls — IR=2.7 falls /1000 person-day

2,442 i )
* falls requiring hospitalisation ———| IR= 0.7 falls /1000 person-day

(9.8%)

18



Who was more likely to fall?

Males vs Females * Respite vs Permanent

10.0 3.0
0.0- T 12.0-
" L _ , 1107 _ _
£, 801 Males were more likely to fall 2 0.0 Respite were more likely to fall
= -2 .
< 7.0 compared to females S 90 compared to permanent residents
é 6.01 == é 807 | L
g 2 7.0 s
= 5.0 <
2 S 601
= 401 - Z 50
E 3.0 - _qg 4.0 T
S == 5 3.0 il _
20 - 2.0 -
1.0 1.0
UO T T ﬁ T ’;‘ 00 T T |__I__| T
Male Female Male Female Male Female Respite  Permanent Respite  Permanent Respite  Permanent
Crude TR 9.11+s6.30 344v52.32 0.74 vs 0.68 Crude TR 9.90 vs 7.03 3.49 15 2.62 0.81 15 0.70
alRR (95% CI) 1.69 (1.54-1.86) 1.87 (1.71-2.04) 129 (1.12-1.48) alRR (95% CI) 133 (1.18-1.51) 1.30 (1.14-1.48) 123 (0.99-1.53)
alRD (95% CI) 5.40 (4.09-6.71) 2.29 (1.84-2.75) 0.23 (0.08-0.37) alRD (95% C1) 2.84 (1.58-4.11) 0.90 (0.41-1.41) 0.18 (-0.02-0.38)*
Falls requiring Falls requiring
All falls Injurious falls hospitalisation All falls Injurious falls hospitalisation

19




Key implications

1. The need for special focus on respite and men residents
e e.g., adequate resourcing/staffing

2. High frequency of injurious falls confirms the need for increased funding
for prevention strategies

3. Implications for the national indicator:

* Our results indicate the importance to consider case-mix when
reporting fall incidents

20
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The use and predictive performance of
Peninsula Health Falls Risk Assessment
Tool (PH-FRAT) in residential aged care




Overview

* Developed in 1999 by
Peninsula Health in Victoria

 Validated and easy-to-use tool
o Fallers: Risk score >14

o Non-fallers: Risk score <14
Objective:

* To determine the use and
performance of PH-FRAT by
comparing fall risk status (as
predicted by PH-FRAT) against
the occurrence of actual falls

RISK FACTOR LEVEL RISK SCORE
RECENT FALLS none in last 12 months. .. : 2
(To score this, complete history of one or more between 3 and 12 months ago 4
falls, overiea) one or more in last 3 months... . : 6
one or more in last 3 months whllst mpatlent f remdent . 8
MEDICATIONS not taking any of these... 1
(Sedatives, Anti-Depressants taKING ONB ..o 2
Anti-Parkinson's, Diuretics taking two .. e et e et iaaas 3
Anti-hypertensives, hypnotics) taking more than two 4
PSYCHOLOGICAL does not appear to have an},f of these 1
(Anxiety, Depression appears mildly affected by one or more.. 2
{Cooperation, /Insight or appears moderately affected by one ormore................ 3
Hudgement esp. re mobility ) appears severely affected by one ormore.................... .
COGNITIVE STATUS AMTS90or10/10 OR  intact......................... 1
AMTS 7-8 mildly impaired.................... 2
(AMTS: Hodkinson Abbreviated | AMTS 5-6 mod impaired.................... 3
Mental Test Score) AMTS 4 or less severely impaired .............. 4
(Low Risk: 5-11 Medium: Risk: 12-45  High Risk: 16-20) RISK SCORE 120




Total residents aged =65 years
in 25 RACs, Jul 2014-Dec 2019
n=6,727

Cohort and baseline
characteristics [ } \l
(exampleS) [ Permanent or respite J

n=6,710

Same-day discharge |4 Excluded \
n=55 l

’ Female = 66% [E'g'betorece've PHFRAT}
* Median age = 86 years TRHEE
 Dementia =51.7% [D'd not receive PH-FRAT } Excluded \

« Depression, mood or BD = 42% Y l

« Cerebrovascular accident = 25.4% [ el ki J
» Diabetes mellitus = 22.6%




Utilisation of PH-FRAT

* 9in 10 eligible residents received at least one PH-FRAT assessment
o Median no. PH-FRATs per resident =4 (IQR 2-8)
o Median time between assessments = 43.8 days (IQR 10.7-144.0)
o Fall risk score =14 (IQR 11-16)

o Fall risk category = high (36.4%), med (35.0%) & low (28.2%)



Trends in PH-FRAT over time

20 3 High risk ] Medium risk ~ [] Low risk
M5 e el e i e et i B e e R i e e
18+ I N
] ] w s
ot I EEEEER N =
R ERBRRD - i
14+ N B g I e
N B I 70 |
12+ = . | = =
o L % 60 | H
g 107 E 50- ] ]
- o —
[ 8+ T & 404 | || ] 6
6T 6 301 = B a\xe“
el = ¢
N 6“ o — Q\N
W' .
2+ \)9 104 —
0 ! 1 ! } | } ] | ] ! } - | | | 0 T T T T T T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 12 3 4 5 6 7 8 9 10 11 12 13 14 15

N 5888 4575 3780 3227 2733 2329 1989 1684
PH-FRAT assessment

1438 1241 1063 926 806 718 626

N 5888 4575 3780 3227 2733 2329 1989 1684 1438 1241 1063 926 806 718 626
PH-FRAT assessment




PH-FRAT performance

The tool showed poor predictive performance:
o AUC=0.57

o Sensitivity =34%

o Specifcity = 82%

By examining the ROC curve, we identified the cut-
off point of 10 presents the optimal sensitivity and
specificity.

o >10 fallers and <10 non-fallers

o AUC=0.61,

o Sensitivity=74.4%,

o Specificity=45.6%

Sensitivity




Key implications

The poor predictive performance
raises concerns about resident safety

Poor predictive performance or incorrect
risk profiling

Poor clinical decisions

Potentially high—ris! residents may miss
out on receiving fall prevention programs

Recommendations

Reducing risk score cut-point to define fall risk status:

e Cut-point of 10 showed better performance.

e The risk category should be re-defined, e.g., High risk (>10),
medium (5-10), low (<5)

Model recalibration:

e |ncorporating any new relevant variables to enhance
prediction.

Dynamic fall risk prediction models:

e use of real-time data to enable up-to-date risk prediction.

28
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Models for predicting falls in aged care:
Systematic Review




Study Characteristics and Quality Appraisals

Critical Appraisal
Publication Country Population aged group | Study Design Skills Program
Checklist

Volrathongchai,
et al. 2005
Marier, et.al.
2016

Kuspinar, et al. Canada Home care 77+14 years with no Prospective 72.7%
2019 previous fall in the last
90 days

Lo, et al. 2019 United States Home care 65+ years Retrospective 54.5%



Study Models

Publication Data Source Statistical | Derivation Internal Falls Risk Score/ Number of | Discrimination (Area
Model Cohort Validation Cohort | Outcome Category models under the curve), (95%
(% of total (% of total cohort) | Prediction Cl)
cohort) External
Validation Cohort

Volrathongch
ai, et al. 2005

Marier, et.al.
2016

Kuspinar, et Resident Assessment Decision 88,690 Internal: Yes 1 -
al. 2019 Instrument-Home Care tree (70%) 38,013 (30%)
External:
2,738
1,226
9,566
Loy c-ib 2ol Qutcome and Random 29,514 29,514 (50%) - No 3 1:0.67
Assessment Forest (50%) 2:0.67 (0.66, 0.68)
information Set and Algorithm 3:0.6 (0.59,0.62)

Electronic Medical
record




Synthesis: Risk Factor
Predictors

We identified seven categories:
(1) Demographics (1 out of 9 models)

(2) Assessments conducted with the client or
resident, for example, cognitive
performance scale (4 out of 9 models)

(3) Fall history (5 out of 9 models)

(4) Medication (5 out of 9 models)

(5) Health conditions (6 out of 9 models)

(6) Physical abilities (6 out of 9 models)

(7) Environmental factors (4 out of 9 models)




Key findings

* Limited information on the predictive performance of the identified models

* Limiting the utility for others

* Use of sub-optimal statistical methods to develop the prediction models
 Fallsis a recurrent events as they can occur multiple times

e Should account for the potential recurrence and correlation of the outcome data (e.g.,
joint models, landmark models and machine learning based on deep learning
approaches)

* The implementation and evaluation of these models within aged care service is critical to
determine their true effectiveness and cost-effectiveness for health and wellbeing outcomes
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Development and internal validation of a
dynamic falls risk prediction tool in Aged Care
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Predicting falls risk — Traditional methods

e Traditional methods (e.g., logistic regression):
o use data collected at a one-time point === static prediction
o unhable to reflect the changes in risk factors over time
e Most existing fall-related predictive tools utilise unsuitable methods

o only 1in 4 studies used an appropriate method(Seaman et al, 2021).
o < one-third of 83 trials used appropriate methods (Donaldson, 2009)

= N

Sub-optimal Poorly performing mli:;?éearéﬁiﬁgyo r
. prediction method . tool harmful tool
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Predicting falls risk — modern methods

Methods for dynamic predictions:

1. Joint modelling:
v' models longitudinal and survival processes jointly
v’ efficient but computationally intensive
v’ requires specialised software/programs

2. Landmarking:

v apply Cox PH or extended Cox models (e.g., AG, frailty model) at any
follow-up ‘landmark’ time to obtain dynamic predictions

v’ require fewer modelling assumptions, and are more straightforward
compared to joint models.

v’ can be done using standard software
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Why dynamic prediction models?

1 > use longitudinal data to enable up-to-date risk predictions

2 > incorporate both time-varying and time-fixed variables

3 > account for the potential recurrence of the events

4 > personalised prediction and improved decision-making

 They have been applied in other conditions (e.g., cancer), but have not been used for
fall prediction.

* Opportunity

* readily available electronic data presents an opportunity for applying dynamic fall
risk models in aged care settings
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Objective

1. To develop and internally validate a dynamic falls risk
prediction tool using a landmark dynamic prediction method

2. To develop a point-based scoring system to determine the
risk of falls



Model development and internal validation
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Training/derivative sample
e 70%, n=2,799
» For model development

Full sample
n=3,998

Validation/hold-out sample
« 30%, n=1,199
* For internal validation

—

* Dynamic AUC and Sens/Spec

Full sample
n=3,998

* Point-based scoring system
* Risk groups



Results
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Time invariant variables n=3,998
(examples)

Female 68%
Median age (year) 87
Dementia 57.8%
Falls history 52.8%
Parkinson’s disease 7.5%
Stroke 26.1%
Osteoporosis/fracture 49.3%
Arthritis 57.3%

Time-dependent variables (examples) n=3,998
Medication (ever received)
Any FRIDs 80.0%
Opioids (NO2A) 51.6%
Antidepressants (NOGA) 38.1%
Antipsychotics (NO5A) 25.4%
Hypnotics and sedatives (NO5C) 23.7%
Diuretics (C03) 36.0%
Beta-blockers (C07) 26.2%
Severe psychological status 18.2%
Change in functional status incl 46.0%
dizziness/postural hypotension
Mobility/transfer issues 81.5%
Risk-taking behaviours 68.6%
Difficulties with orientation to the environment 29.4%




Incidence of falls
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AAAAAAAAAAAAAAAA

Training Validation Total
Total resident days 1,994,481 826,702 2,821,183
No. of falls 14,901 6,212 21,113
Crude IR (per 1000 resident days) 7.47 7.51 7.48
Experienced a fall, n (%) 75.4% 75.5% 75.5%
Experienced a recurrent fall, n (%) 59.6% 59.6% 59.6%

43
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Predictors of falls: Multivariate analysis
Time invariant HR (95% CI) P Psychological status
Male vs Female 1.22 (1.14-1.30) <0.001 No Ref )
: Mild 1.07 (0.98-1.17 0.140
D 1.13 (1.04-1.21 0.002
ementia ( ) Moderate 1.09 (0.98-1.20) 0.099
Parklnaj‘,on s disease 1.28 (1.11-1.48) 0.001 Severe 1.18 (1.04-1.34) 0.010
Falls history 1.14 (1.07-1.21) <0.001 Mobility/transfer issue 1.24 (1.15-1.32) <0.001
Cognitive impairment 1.14 (1.01-1.30) 0.041 Change in functional 1.15 (1.08-1.22) <0.001
Incontinence 0.94 (0.88-1.01) 0.100 Statlgs — TN -
N Risk-taking behaviours : .03-1. :
Time-dependent Environment 1.05 (0.98-1.12) 0.192
No. of falls prior to a Opioids (NO2A) 1.11 (1.04-1.18) 0.002
LM Hypnotics and sedatives  1.15 (1.05-1.27) 0.004
1 2.90 (2.72-3.09) <0.001 Antidepressants (NOGA)  1.11 (1.04-1.18) 0.003
2-4 5.02 (4.70-5.36) <0.001 Antipsychotics (NO5A) 1.17 (1.08-1.27) <0.001
5-10 9.36 (8.66-10.12) <0.001 Eet? ?"E_Cke(ﬁ ()(gg;) 1‘1); Eg 81 1 12; 8-?2‘2‘
nxiolytics :
il 16.43 (14.61-18.49)  <0.001 | \;s0dilators (CO1D) 1.13 (0.99-1.28) 0.065

Interpretation (example): The use of opioids was associated with an 11% increased risk of falls compared

to non-opioids users after adjusting for other variables
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Model performance in the hold-out data: Dynamic AUC

AUC

1.00 -
0.95
0.90 -
0.85 -
0.80 -
0.75
0.70
0.65
0.60 -
0.55-
0.50 -
0.45 -

0.40

Poor Sufficient

Excellent 95% ClI
1

Good
AUC

Very good

Overall AUC
=0.78
Range across the landmarks
=0.67-0.86
>0.8 in 11 of 60 landmarks
<0.7 in only 1 landmarks

1 5 10 15 20 25 30 35
Landmark

40

45

50

55

60

45
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Model performance: examples of ROC curves

Landmark = 3 Landmark = 10
1.0
0.9-
0.8-
& 07 =
> 067 >
) | oF
=05 =
S 04 c
vy 0.31 g
0.2-
0.1-
0.0 | , | ,AURO,C curV?=0-8f3 | . . . 0:0_ AUROC curve = 0.84
00 01 02 03 04 05 06 0.7 08 09 10 00 01 02 03 04 0.5 06 0.7 08 0.9 10
1 - specificity 1 - specificity
Landmark = 20 Landmark = 50
1.0 1.0
0.9- 0.9-
0.8- 0.8-
_é‘ 0.7 = 0.7
> 067 > 06
-5 0.5 .g 0.5
C 0.4 C 04-
Q | v
w» 03 v 0.3-
0.2- 0.2-
0.1- 0.1-
AUROC curve =0.82 : AUROC curve =0.77
0.0 T T T T T T T T T T T 0.0
00 0.1 02 03 04 05 06 0.7 08 0.9 1.0 00 0.1 02 03 04 05 06 0.7 08 0.9 10

1 - specificity 1 - specificity



Model performance: Dynamic sensitivity B o
and specificity

YYYYYY +AUSTRALIA

1.00
e Sensitivity
0.90 - « Median
0.85 | =0.75
0.80 | AN A  Range
o5l I\ \ " s =0.58-0.84
I\ AN ) T « >0.8in 11 of 60 landmarks
RNV S WA A . <0.6in 2 of 60 landmarks
0.65 Voo Y . / VP cen
\ / \/ Specificity
0'60‘ ’  Median
0.55 =0.69
0.50 « Range
0.45- = 0.48-0.88
0.40 - Sensitivity === —- Specificity e >0.8in 3 of 60 landmarks
1 5 10 15 20 25 30 35 40 45 50 55 60 |° <0.6in1of 60 landmarks

Landmark
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Point-based risk-scoring system & risk groups B Uie¥

SYDNEY-AUSTRALIA

Risk factors Point

Male

Dementia

Parkinson’s disease

Falls history

Cognitive impairment

No. of falls since admission
! I High risk

2-4 18
5-10 26 + 25-40

>10 33 Max
Psychological status —— possible —<

Moderate -60 : :
Severe Score= Medium risk
« 10-24

Mobility/transfer issue

Change in functional status
Risk-taking behaviours

Opioids (NO2A)

Hypnotics and sedatives (NO5C)
Antidepressants (NOGA)
Antipsychotics (NO5A)

Beta blocker (C07)

Vasodilators(C01D)

NDNW-=-2DN

Low risk
e <10

2 A N-_2DPNDNN-_2DNODN -




Today's Falls Risk

Predictive Falls Risk Fall risk over time

A4
Next steps

-Falls

91%

69% 95%

Number of medication Total Falls

AL T * The dashboard is being co-
5 designed with aged care
@ MNumber of zll total falls since admission @Total Falls Regu Cllents (reSIdentIaI and home
Year Lﬂlunﬂ\ Day Intervention Indicateor " Ca I'e), famlly memberS, aged
2021 September 9 @ care staff and GPs

2021 September 10

Total Number of Falls

-
I

Murnber of Falls
=

® 10 10 10 10 L~
ST P s  Complete the prototype of
eptember ~ ~ « .
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Questions:

karla.seaman@mq.edu.au

nasir.wabe@mq.edu.au
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