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Telling clinicians what to do?
Give GPs an algorithm??
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The uncertainty with using risk predicti
models for individual decision making:
exemplar cohort study examining the
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English primary care
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Alexander Pate” (@, Richard Emsey”, Darren M. Ashcroft™, Benjamin Brown™” and Tieerd

QRISK2 + adjusting for additional risk factors, a
secular trend, geographical variation in risk and
the method for imputing missing datawhen
generating arisk score (model A—-model F).
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Examining the impact of data quality and completeness of electronic health
records on predictions of patients’ risks of cardiovascular disease
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Yan Li*, Matthew Sperrin’, Glen P. Martin®, Darren M. Asheroft™®. Tieerd Pieter van Staa®®%*
: : :

“The considerable unmeasured AﬂwmmHm"H\} E
heterogeneity in CVD incidence between \ :
practices was not explained by variations :
in data quality or effects of risk factors. E
QRISK3 risk prediction should be :

supplemented with clinical judgement / “mmmmm..

and evidence of additional risk factors.” 00—t MWMMWMWMMM_
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Comparison of one million patients' risk prediction between random intercept model and random slope model
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Fig. 4. Comparison of the CVD risk predictions between the random intercept and slope models for patients with a QRISK3 risk of 10 % (in a
patients with 50 % males and 50 % females).



Artificial intelligence: hype or real?
Distribution of individual risk predictions with machine learning and statistical models in
overall cohort for patients with predicted cardiovascular disease risks of 9.5-10.5% in
QRISK3 (Cox model)

Logistic model (Caret) Logistic model (Sklearmn}
Logistic model (h2o0) Automatic machine leaming (h2o)
————— Statistic logistic model Random forest (Caret)
—_——-— Random forest (Sklearmn) Random forest (h2o)
— — Neural network (Caret) Neural network (Sklearm?
—_—— Neural network (h2o) Extra-trees model (Sklearm)
- = - - Gradient boosting classifier (Sklearm) ORISK3
-—-— Local Cox model Framingham
— — — Parametric survival model (Weibull) Parametric survival model (Gaussian)

Parametric survival model (Logistic)
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ANTIBIOTIC OVERPRESCRIBING IS CLUSTERED

IN THE NORTH OF ENGLAND
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Hot and cold spots of antibiotic prescribing in English GP practices in 2016.
A: All GP practices. B: Excluding GP practices located in the London CCGs.

Antibiotic prescribing patterns in general medical practices in England: Does area matter? Anna Molter et al (2018).
DOI: 10.1016/j.healthplace.2018.07.004



Frequent antibiotic prescribing very frequent (in 3
years before)
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The impact of COVID-19 on antibiotic prescribing in primary care in
England: Evaluation and risk prediction of appropriateness of type and Repeated antibiotic exposure and risk of hospitalisation and
repeat prescribing death following COVID-19 infection (OpenSAFELY): a matched

case-control study



44 Repeat antibiotic prescribing

The Impact of Oral Antibiotics Prior to Cancer Diagnosis
on Overall Patient Survival: Findings from an English
Population-Based Cohort Study

ORs of emergency hospital admission for antimicrobial
resistance or Clostridium Difficile infection

- - ) " : case CDI or AMR (ICD-10)
Eleni Domzaridou “*, Tjeerd Van Staa =", Andrew G. Renehan *, Natalie Cook >, William Welfare ’, adjus’red3 ORs
arren M. Ashcroft 1 ictoria Palin %°
Darren M. Ashcroft *C and Victoria Palin (95%0')

No AB exposure 4332 47137 Reference
count 1, type 1 2396 16988 1.37 (1.29-1.46)
Cancer Registry count 2-3, type 1 670 3818 1.67 (1.51-1.86)
count 2-3, type 2-3 ERRKY: 5904 1.73 (1.59-1.89)

Crude HR Adjusted HR
Cancer Type Exposure Group [95% CI] [95% CI]
’ ’ count 4+, type 1 476 2316 1.64 (1.45-1.87)
Leukaemia Recent 1.34[1.17-1.52] 1.32[1.16-1.51] count 4+, type 2-3 3633 12160 2.42 (2.27-2.57)
Previous 1.12[0.98-1.26] 1.11[0.98-1.26] count 4+, type 4+ 2789 4377 4.76 (4.43-5.12)
D _ CDI or AMR testing (SNOMED)
ast reference reference

Lymphoma Recent 1.26 [1.12-1.41] 1.22 [1.08-1.36] No AB exposure 6640 78642 Reference
Previous 1.13[1.01-1.26] 1.09 [0.97-1.22] count 1, type 1 3821 27125 1.44 (1.37-1.52)
Past forence forenc count 2-3, type 1 1068 5875 1.86 (1.71-2.02)
it = PR YRl 1780 9072 1.90 (1.78-2.03)

Myeloma Recent 1.22 [1.05-1.43] 1.19 [1.04-1.36]

Previous 1.07 [0.93-1.24] 1.09 [0.96-1.23] count 4+, type 1 762 3336 2.21 (2.01-2.44)
count 4+, type 2-3 5900 17717 3.09 (2.95-3.24)
count 4+, type 4+ 4731 6445 6.25 (5.91-6.62)




OpenSAFELY

Risk-based prescribing of antibiotics

Deciles! of predicted risk

Decile 1 (lowest) 1,030 (4.3) 1,465 (2.0) 945 (3.6)
Decile 2 2,100 (8.7) 4,545 (6.1) 1,845 (7.0)
Decile 3 2,650 (11.0) 5,665 (7.6) 2 440 (9.3)
Decile 4 3,020 (12.5) 6,300 (8.5) 2,820 (10.8)
Decile 5 3,725 (15.5) 7,155 (9.6) 3,605 (13.7)
Decile 6 4,690 (19.5) 8,350 (11.2) 5,090 (19.4)
Decile 7 6,225 (25.8) 9,735 (13.1) 7,490 (28.5)
Decile 8 9,065 (37.6) 13,600 (18.3) 11,280 (43.0)
Decile 9 13,185 (54.7) 21,940 (29.5) 15,740 (60.0)
Decile 10 (highest) 17,995 (74.7) 38,270 (51.4) 23,435 (89.3)




Risk-based prescribing of antibiotics | OpenSAFELY
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type
IMD

IMD 1(Most deprived)
IMD 2
IMD 3
IMD 4
Ethnicity
Mixed
South Asian
Black
Other
BMI
Underweight (<18.5 kg/m2)
Overweight (25-29.9 kg/m?2)
Obese | (30-34.9 kg/m2)
Obese Il (35-39.9 kg/m?2)
Obese IlIl (40+ kg/m2)
Smoking
Former

Current
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Personalised - Patient
risk scores "‘Rlls;“ summary

- Previous AB use

- Infection complicatio. .. -
- Relevant comorbidities

- Resistant bacteria
- Adverse outcomes

- AB failure Antibiotic Personalised
Knowledge guidelines
Support
Automatic EHR Patient

cording communication

- EMIS/Snomed coded
symptoms and scores

J - Patient leaflet
- Discussion prompts



* Plan for KSS to include personalised guideline information (i.e.,
present information relevant for patient)

« BUT: NICE treatment guidelines not computable
« Core concepts not well defined and incomplete (e.g. high
risk)
 NICE as collaborator: can not present selected parts of
guideline

 BUT: Frequent clinical challenges not addressed in guidelines
o About 20-25% prescribed an anfibiotic get repeat one
 Repeated anfibiotic frequent



MANCHESTER
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@ Optimising Prescribing

Aim: to implement digital and analytical tools to support clinicians and patients
In management of common infections in primary care

Approaches
1. Advanced data analytics using large national 1. Ethical data
datasets combined with participating practices golection J
(> 10 million records)
; 6. Action to 2.S dat
2. Dashboard feedback to general _practlces change practic eJ prgg‘eig‘;ng 8 J
3. Knowledge Support System during |
consultation (integrated with EMIS)
= Effectiveness evaluation in ongoing cluster _
i . 5. Tailored -
randomised trial knowledge & 3.Create digital
feedback tools J
'SUPPORTED BY

N I H R National Institute for ——_—
Health and Care Research ' J
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l BRIT 2: KSS - Patient Summary

BRIT2 Knowledge Support System: Acute sore throat

Patient Summary

This page represents patient characteristics that we feel are most pertinent to antibiotic prescribing and 5
Mr Demo Patient may not represent the full patient history available in the health record system.

Indicators:

Diagnosis Selection Antibiotic allergies: No entries found

Diabetes: Yes

Symptom Surve
AL y Flu vaccine in last 12 months: No entries found

Comorbidities:
Patient Summary Renal: No entries found Liver: No entries found

L T Other comorbidities:

Type 2 diabetes mellitus; Congestive cardiac failure
Patient Leaflet

Prescribing over the last 12 months

Antibiotic Issue date Dosage Quantity

Phenoxymethylpenicillin 125mg/5ml oral solution 20/07/2022|2 1T ml
Benzylpenicillin 600mg powder for solution for injection vials|06/07/2022|15 1 vial

i About the KSS @ Up to Patient Risk Down to Treatment Decision [i]



' BRIT 2: KSS - Symptom Survey

ADO

BRIT2 Knowledge Support System: Acute sore throat

Q Symptom Survey

@ Please indicate presence of common symptoms below

0AR FEVERPAIN

O Fever (during last 24hr)

Purulence/ Exudate

Attended rapidly (<= 3 days of onset)
Severely inflamed tonsils

Cough or coryza

Systemically very unwell

) Yes
) Yes
@ Yes
@ Yes
O Yes
O Yes

(O No/unknown
(O No/unknown
(O No/unknown
(O No/unknown

() No/unknown

& No

FEVERPAIN Score: 4
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& BRIT 2: KSS - Patient Risk

BRIT2 Knowledge Support System: Acute sore throat
Patient Risk

: Risk of hospitalisation
Mr Demo Patient , . . L . .
The patient’s risk of hospital admission for infection-related

complications such as pneumonia if patient is not prescribed an
antibiotic today.

The risk represents the number of admissions per 100 similar patients in
the next 30 days.

Diagnosis Selection

Symptom Survey 4.7%

Main contributing factors to risk score: CCl score, Patient sex, Flu

vaccine status

Patient Summary Risk of repeat antibiotic prescribing

Treatment Decision This is defined as the prescribing of another course of antibiotics in the
next 30 days if the patient would get an antibiotic today. i.e., the

Patient Leaflet number of repeat courses per 100 similar patients in the next 30 days.

= ]

25.3%

Risk of adverse events

i About the KSS @ Up to Symptom Survey Down to Patient Summary [E



BRIT2 research study — data and GP dashboards

Population Health — BRIT2 report access via platform Graphnet Q

Integrating Core

. = BRIT2 Direct Patient Care Reporting .
Data feeds into dashboards N = (Full PID datamart) e e Sommvm——y
I / EEmEN ~  C EEmER
— Report investigation s& : 2 : =i ‘
m E— Filter by date, indication, .?, ® " 3 R =
Power Platf prescription < F i)
Role Based .

Personalised P‘- Antibiotic Patient Full PID Access Control ﬁ
risk scores Knowled ge summary through ll:‘e M Il“
o Suppnrt Trust Authority Power Bl

o Drill through capability
- Complications, - Previaus AB. use 1 _’ to patient list
+ Resistant bacteria, - Relevant comarbidities Row Level
- Side-effects Security applied
- AB failure ) through

Graphnet CAS

1
- ..
! 1
| * i
_ i i Aggregate Reporting t
i ! (De-identified datamart) !
— | Deidentiied o il :
3 e i ' Environment Report investigation /
Automaﬁc EHR v Patient ! : No drill through, small i
rec_ordlng J communication , \“ H number suppression ) #
' EoEEE— ' | oy ¢ PO YOOIl TN L e T O e i — et oI
- EMIS/SnoMed coded 1 b —-—} anonymised
symptoms and scores i N - Patient leaflet : dats only
Aims & Objectives - Discussion prempts ' Remtedesiop

Knowledge support system Antibiotic prescribing dashboards



Antibiotic prescribing dashboards

BRIT Research

SAFETY PRESCRIPTION DASHBOARD

6,146
PATIENT COUNT

Show Filters Clear Filters No Filters Applied ‘

PRESCRIPTIONS GIVEN COUNT BY INDICATION

Indication

1
GP COUNT

NHS!

6,000 1,851 UTI
Indication Drug Risk Category Prescriptions given Potentially inappropriate... Prescriptions could be i..

PRESCRIPTIONS COUNT BY INDICATION

Prescribed Not prescribed % Prescribed

Asthma

Breast Infection
Cold

corD

Cough

LRTI

Otitis Externa
Otitis Media
Skin Infection
Sore Throat
Unspecified AB
URTI

URTI combined
um

eceee
£86

L

1,000
200
800
200
200
500
100
300
400
200
100
300
700

1,000

200
100
200
200
400
500
200

200
100
200

300
29

53%
67%
80%
20%
33%
50%
33%
100%
67%
67%
33%
100%
70%
21%

Total

| Run by: pbiadmin@gm gnpoph.com on 14/03/2022 15:14 | ¥0.0.1 | Data last refreshed: 22/02/2022 09:44

6,000

3999

60%

Graphnet @

Notes: depends on quality of SNOMED coding

Analytics by University of Manchester

Designed by UoM and Graphnet Health Ltd
using Microsoft PowerBI.

Access requests through ICB to any practices
in Greater Manchester, Cheshire and
Merseyside

Patient level — patients identifiable to Practice
only

Phase 1:all practice antibiotic prescribing by
indication and medication (not EPACT2 data)

Phase 2: benchmarking, time series, repeat
prescribing, risk based prescribing — user

feedback changes

Live dashboards, daily updates.



Knowledge support software

Personalised pt.
risk scores

- Complications,

- Resistant bacterna,

- Side-affacts
- AB fallure

Automatic EHR
recording

- EMIS/SnoMed coded
symptoms and scores

Antibiotic
Knowledge

Aims & Objectives

Patient
summary

- Previous AB use
- Relevant comorbidities

Patient
communication

Patient leaflet

- Discussion prompts

@ Infection: Sore Throat
Y Last antibiotic prescription: 22/08/2022

Risk of severe infection
Complications

(|

Patient's risk of hospital
admission for infection-
related complications: XX%

Risk of antibiotic
resistance

(.

Antibiotics received by
patient in year before: XX

2 clo

Risk of antibiotic
failure

&
&

(= ——

Patient's risk of getting
another antibiotic in next
30 days

Risk of severe antibiotic
side-effects

5 &

\

Patient's risk of hospital
admission for antibiotic
side-effect: XX%

Designed by GPs and patients
(acceptability)

Developed by University of Manchester
(expertise)

Approved by EMIS (quality standards) /
clinical risk assessment

Installed into practice computers by IT
service provider (security)

Activated by practice manager (control)

To be used at the point of consultation
with patients (decision by user)

Feedback used to update dashboards
(responsive research team)



Practice recruitment

\
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i

Crawe

Research study recruitment - GP practices across Greater
Manchester, Cheshire and Merseyside

EPR — EMIS (TPP SystmOne in development)

Easy, paid research opportunity up to £1860
No patient recruitment, no need for training or special expertise

Require 124 GP practices across Greater Manchester and
Cheshire and Mersey (currently 96, - looking for more in
Merseyside and Cheshire)

124 with access to dashboards and 62 get KSS (48 in KSS arm
now)

Data collection over 12 months (using EHRSs)

Analysis will include use of dashboards and KSS, Effectiveness
of interventions and health economics

To take part in this study contact francine.jury@manchester.ac.uk



Challenges and opportunities

e Health care record managed by data centre * Access to data needed committee approval even

* Anonymised data access for practices signed up to though NHS ethics approval already in place
study. e DSA / DPIA had to be ICB driven not through

e TRE with secure access to authorised personnel research process

e Collaborative approach to problem solving e Slow processes, lots of cogs in the machine

e Over 1000 GP practices in area to recruit 124 * Capacity for practices to get involved in research

e Support from clinical research network * CRN - research active practices (bias)

e Payment by local areas to reduce AB prescribing * Communicating to practices — lack of wide reach

e Enthusiastic support from GP partners co-ordinated communication channels

e NHS England / NHS digital support; Move to * Slow project management incorporated into usual
introduce better digital tools to improve business operations
prescribing * Timeline for change management not suited to

research timelines

e Support from Local IT service providers to install
KSS
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