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~ How do we do health data science =




Content Overview and Learning Aims

Understanding what impact means

What is health data science?

What is routinely collected health and
care data?
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Other sources of health “big data”

Types of health research questions we
can ask of “big data”

Building projects and teams that deliver
impact — case study
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What is research impact ?

NIHR
- Research having real world effects H DRU K

: : : : Health Data Research UK
- Making a meaningful difference in

people’s lives
Health Data Research-UK

- Contribute to improving health and care
for the population

-

Research produces demonstrable positive
effects on:

- Data science methods and technology
- Public trust

- Health and well-being

- Decision-making

- Research culture and capacity



How does impact from research happen?

New knowledge needs to be

Generated

Contextualised Who needs to be involved to make this

happen?
Put into Practice

BHESEDPED ¢
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Disciplines: Different Sectors




Stakeholders...

Having a “stake” in Major Healthcare Stakeholders — 4Ps

something...

.
..means having an \ Patients | Providers
interest, investment, or | |
involvement in Policymakers - Payors
something, or that | |

something is important

e Who will be your end-users or knowledge users?

It is never too early to involve them!

brighton and sussex
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What do we mean by applied health research?

Applied health research aims to address the immediate issues facing the health and social
care system.

It involves research on human, individual, and population health issues that is intended to
have an impact on:

* The health of individuals

* The health of populations and communities

* Decisions about government health policy

* Health system organization

 Healthcare delivery

It looks to find practical solutions for existing problems.

It involves a wide range of disciplines and can be multi-disciplinary and collaborative.
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medical school



What is Health Data Science?
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Health data science

The application of data science methods What are the most common aims?

to healthcare data

This involves collecting, cleaning,
analysing, and interpreting large datasets

brighton and sussex
medical school

Disease diagnhosis and prognosis
Drug discovery and development
Personalised Medicine

Improving efficiency of healthcare
systems

Addressing public and population health
challenges such as epidemics, health
disparities, and chronic diseases



Tools and technigues commonly used in health data science

Statistical analysis: Descriptive statistics, hypothesis testing, regression analysis, and
survival analysis.

Machine learning: Classification, regression, clustering, and deep learning.

Natural language processing: Extracting information from unstructured text data, such as
medical notes, reports and letters

Data visualization: Creating visual representations of data to communicate findings
effectively reports and clinical notes

brighton and sussex
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What do we mean by routinely collected
health and care data”?
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Data collected in the course of interactions with the health
service

This could include:
- GP clinic notes (unstructured), prescriptions, and coded data (Read or Snomed Codes)

- Hospital coded data — ICD codes — recorded for reimbursement for episodes of care:
- Emergency Department
- Outpatient Care
- Inpatient Care
- Discharge summaries (unstructured)

- Scan results, lab tests and pathology reports
- Mental health patient notes (unstructured) and some coded data
- Nursing records
- Disease registries e.g. cancer, Ml, infectious diseases.

- Social care data (on provision of SC by local authorities)

> medical school



Demographics_Milestones

Includes Age, Sex, Ethnicity,
Geography

avg 2.5 million people

— Appointments
Medications SETRITTTTRE
Date, What, Quantity B> 88 milion
227 million / -\
Immunisations
Date, Where, What
51 million
Demographics
Problems Includes Age, Sex,
Date, What, Status Ethnicity, Geography
63 million 3 million people

Encounters_YYYY

)

Date, Where, How,
Snomed

Split by Fin Yr
3 hillion

I
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SUSSEX
INTEGRATED
DATASET
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t Referrals

s
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=

Date, Snomed, Reason
29 million

=

Key

Primary Care
Community
Mental Health
Social Care

Emergency

Acutes

134 Practices
from East Sussex
and BHCC.

BHCC ESCC

WSCC SCFT ESHT

Mental Health

SPFT

UHSX, ESHT,
QVH

SECAMB




Other sources of health big data
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Other sources of health data

a

Screening tools
and games on

>

phones and

tablets
-

/Social media
data
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Combination of
multi-modal data

>

in apps
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What do we aim to do locally with routinely collected, linked datasets?

a )
N\
-~ Informed implementation of
interventions in health services
- » Early disease detection and
d personalised care
\ )\/ . : :
Cost-effective local interventions
a )
'Y
brighton and Y
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What health questions can we ask and
answer with health data?

Q

righton and sussex
medical schoo

-



Need to form research question AROUND the data

We are stuck with what is there, so we can only ask questions if the data has been
collected, and we know it is reasonable quality.

Electronic Health Record data is recorded by the clinician.

So having information about someone’s condition depends on the patient telling the
clinician and the clinician recording it in a code in the record.

> medical school
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Example: Men’s experience of urinary
problems and erectile dystunction after
orostate cancer treatment

What might affect the numbers and characteristics of men we find with these
symptoms if we use anonymised GP data?

Type in the chat...

brighton and sussex
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Constraints on what data gets entered

GNU Health - Administratol RIO HOSPITAL [EUR]

Coding structure — flexibility and limits s

$ Currency

B Inventory & Stock (:) o 0 @ : & C{& 6? [. v E’ 9

Patient record software interface —ease  |:-

& calendar
O l I S [ AnaBetz Female -> Male Age: 34y damod
e EiHealth
@ Patients Critical Information
& Books of Life Z88.0: Personal history of allergy to penicillin Severe allergic reactions to B-lactams.
Genetics E10: Type 1 diabetes mellitus

AG0 : Dengue fever [classical dengue]

Person genetic informatior % || | a40 streptococcal sapsis

Time available for documentation el

W Health Professionals

B Institutions General Info | Functioning and Disability | Surgeries | Socioeconomics | Lifestyle | OB/GYN | Genetics | Medication

Motivation for documentation — billing / | &=

L".H()sputalur.atmn-; GP:| (@ Cordara, Cameron 4 | Family: (@ Zenon-Betz < | single Insurance: (@ Insurator: 938291
. #surgeries
record for own memory / inform next s eied &
y !, Obstetrics Condition Status A In' Severity All Pr Date of Diagno Healed Remarks Institution
. . . . . B Archives 288.0 : Personal history of allergy to pen unchanged Severe 01/07/1991
C I | n | C | a n / m e d | Co_ I e a I Sa fet n ettl n ? 8 Nursing B0 Ty R EeE R g Modirats 1101993
g y g L] i support Center A90 : Dengue fever [classical dengue]  acute

¥, Ambulances AAD : Streptococcal sepsis

% Eed i
&g Federation 231.2 : Invitro fertilization

B Health Services

Clinical reasoning and filtering of

information — what is most important? e

L Administration

DoB: 10/04/1985 PUID:| GNU7770RG777 Blood Type: A o * ¥ | Hospitalized: Hb:| AA v | Active:

Consideration (or lack thereof) of
secondary purposes
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Structural biases in healthcare will be baked into data

ARTICLE JAN 18,2018

—— Discrimination Prevents LGBTQ
Gareth Iar:cg’ I

Most back . Digabhilitv Rias in Health Care
prejudice fit Cl
their ethnic:

discriminat Ia.
Review > J Community Health Nurs. 2018 Jan-Mar;35(1):28-37.

Almost two

responded { .
prejudice fi Keish doi: 10.1080/07370016.2018.1404832.

settings. Th
black peopl

The rennrt 1

- Barriers to Health Care Access for Low Income
Families: A Review of Literature

brighton and sussex
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How to form a good research question

A concise question is very important. E.g. consider the following:

Which mental health symptoms are most
associated with referrals to secondary care

Why?

If you receive 3 billion rows of data, what
are you going to look at?

You will need to define all your variables
using lists of clinical codes

Carefully plan in advance your exposures,
confounders and outcomes.

> medical school

mental health services?

Which symptoms will you choose?

What about physical symptoms? Tummy
aches, fast heart rate, neck/jaw stiffness

How would you know if they are mild or
severe?



| want to make a predictive model!

Questions to ask before you start:

What do you want to predict?

Are there good quality data representing that
outcome? -

Does any end-user want the prediction? ' RED'CTWE ==
= R

Is there any point in making a prediction?
Are the useful or important predictors well captured? —a

Will it help workflow or add extra pressure to the
system?

If someone is flag-positive in the model, do you have
the resources to care for them or change their
outcome?

What is the likelihood of an accurate prediction?

(beware of false positive outcomes...)
brighton and sussex
#> medical school



Create your project plan in a team

Clinicians must help the analyst understand More importantly:

the clinical workflow : .. .
- Have frontline clinicians and commissioners

What are the drivers of different decisions, determine the questions you ask

ing?
referrals, treatments or recording: - Then you will generate knowledge most

Ask front-line clinicians to help with code likely to be actionable.
lists and variable definitions

What is clinical information likely to be
recorded vs social information unlikely to be
captured?

How “granular” is the data recording in the
service you are looking at?

- E.g. reasons for A&E attendance.

brighton and sussex
medical school



Using data to address health inequalities

righton and sussex
medical school



Patient theographs can track a patient’s care through multiple
providers... and spot where they fall through gaps

Patient journey; SID ID: REDACTED
East Sussex patients with multiple service records; Sussex Integrated Dataset;

Social care service start " " ‘ ’ ‘
Emergency admission * ‘* H
ABE visit | [ |
Elective admission
Mental Health Service refemal L ]
Community visit
2017 2013 2019 2020 2021 2022
Date
Event Community visit W Elective admission 4 Emergency admission
® Mental Health Service referral Il AZE visit ’ Social care service start

Inpatient admissions (elective or emergency) exclude maternity admissions and other types such as hospital transfers

Jm



We can examine the rates of multiple long term conditions by
GP practice to examine excess comorbidity by location

Proportion of patients with multiple long term conditions
Patients with demographic data affiliated with G81694 in its last demographic data delivery (14th December 2021);
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Age (years)
onditions include: atrial fibrillation, asthma, cancer, copd, dem

diabetes, epilepsy, heart failure, seriou

\ ) entia, depression,
s mental illness (SMI), and stroke.

Mumber of long
term conditions

[]o
[]+
[]-

[ T S X
T

ldentifying number of
comorbidities by age,
stratified by GP
practice

- Can locate area with
higher burden of
multi-morbidity or
earlier onset



Case study: Predicting dementia

brighton and sussex
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Early Detection of Dementia — Why?

Currently, diagnosis is often made:

At a time of crisis (e.g. following a burn
or a fall)

When the family are struggling to cope
with care needs

Too late for the person with dementia
to express their financial and care
preferences and make plans.

An average of 3.5 years after patient
meets diagnostic criteria.

brighton and sussex
medical school

A diagnosis gap?




Three reasons to detect dementia earlier

To allow patients time to plan, express
their wishes, and organise care

To enable access to disease modifying
treatments (when available)

For recruitment to clinical trials

brighton and sussex
medical school



Unrecognised
dementia

brighton and sussex
> medical school

Developing Symptoms

Symptoms
recognised by GP
but no formal
diagnosis

Formal diagnosis
of dementia




A primary care clinical record in the 5
years before dementia diagnosis

Admitted to — Memory DEINIIE
A&E Constipation Loss d agnosis

symptom

IME = -5y TIME = 0

Family

Depressive Did not concerned
GP Home Visit Symptom attend ag pt

Stroke

brighton and sussex
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Machine learning models

- Case-control study — 50% with dementia, 50% controls,
- GP records for 5 years prior to diagnosis in 95,000 people
- Baseline method: Logistic Regression with LASSO penalisation

Can we improve on this using:

Neural Networks
Support Vector Machine
Random Forest

Naive Bayes

Methods for assessing models

Area under

ROC

Regression
Coefficients

brighton and sussex
medical school



Typical predictors in the models

Prodromal symptoms:
* Behaviour change
e Disorientation or wandering
e Personality change

Historical factors:

* Previous diagnosis of
schizophrenia or bipolar
disorder

* Family history of dementia

Prescriptions:
Antidepressants
Antipsychotics

Indicators of reduced coping:
e Self-neglect

* Difficulty managing

* Missed appointments

* Visits to A&E

e Falls

brighton and sussex
> medical school

Social factors:

* Family Concerned
* GP home visit
* Social services
* Receiving care

Other conditions:
 Cerebrovascular
Disease/Stroke
* Depression
* Diabetes

* Epilepsy




Si -
Recelver Operating
Characteristic Curve  » _
L o
Log reg 0.74 8 S
Neural Network 0.74 é
w)
SVM 0.74 8
g =
Random Forest 0.73 =
Naive Bayes 0.68
N
o
Red = logistic regression; Green = SVM; o _|
Blue = Random Forest; Black = Naive Bayes e

0.0 0.2 0.4 0.6 0.8 1.0
brighton and sussex

medical school False positive rate



Project 2: DemRisk
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|dentifying patients at high risk for dementia in next 5 years

Cohort study — unselected older people followed for 5 years to see if they got a new/first
dementia diagnosis.

Using GP patient data on > 1 million people.

60 risk factors evaluated

Age 60-79

Discrimination and Calibration were good (Harrell’s C 0.78 (95% Cl: 0.78 to 0.79)).

37% of patients in the top 1% of risk scores received a dementia diagnosis within 5 years.
Age 80-89 Model discrimination was lower, but prevalence was higher.

79% of those in the top 1% of risk scores subsequently developed dementia.

> medical school



But is prediction/detection of dementia a good idea?

Received: 16 September 2022 Revised: 12 January 2023 I Accepted: 13 January 2023

DOI: 102002/ widm. 1492

ADVANCED REVIEW

WIREs WI LEY

Ethical issues when using digital biomarkers and artificial
intelligence for the early detection of dementia

Elizabeth Ford'© | Richard Milne*?

'Department of Primary Care and Public
Health, Brighton and Sussex Medical
School, Brighton, UK

*Kavli Centre for Ethics, Science and the
Public, University of Cambridge,
Cambridge, UK

*Engagement and Society, Wellcome
Connecling Science, Cambridge, UK
*Royal Free London NHS Foundation
Trust, London, UK

Correspondence
Elizabeth Ford, Department of Primary
Care and Public Health, Brichton and

| Keegan Curlewis®

Abstract

Dementia poses a growing challenge for health services but remains stigmatized
and under-recognized. Digital technologies to aid the earlier detection of demen-
tia are approaching market. These include traditional cognitive screening tools
presented on mobile devices, smartphone native applications, passive data collec-
tion from wearable, in-home and in-car sensors, as well as machine learning
techniques applied to clinic and imaging data. It has been suggested that earlier
detection and diagnosis may help patients plan for their future, achieve a better
quality of life, and access clinical trials and possible future disease modifying
treatments. In this review, we explore whether digital tools for the early detection

-~ o - " ] T % T 8 - T T s m

How does it know this about me?
Why do | want to know?
What should | do now?

Is there a treatment?
What support will | get?
What will my family do?

How do | tell her?
What should | do next?
here are not any treatments,
how can | help her?
Have | just made her more
worried?

The Al says you
have early
dementia




What sort of clinical decision support do GPs want?

Ford et al. BMC Med Inform Decis Mak (2021) 21:193 : :
https://doi.org/10.1186/512911-021-01557-z BMC Mecjlcalégi?;gﬁtﬁ; Elrflg

RESEARCH Open Access
: . , R
Barriers and facilitators to the adoption

of electronic clinical decision support systems:
a qualitative interview study with UK general

practitioners

Elizabeth Ford", Natalie Edelman'?, Laura Somers', Duncan Shrewsbury', Marcela Lopez Levy?,
Harm van Marwijk', Vasa Curcin® and Talya Porat®



Dementia Risk Prediction - Views of Key Stakeholders

Semi-structured Interviews with:

36 Primary Care Practice Staff (Sussex,
Greater Manchester, Newcastle)

48 Primary Care Patients (age 40-79,
without dementia).
-How do elderly patients and carers feel about being

offered a routine risk assessment by their GP to assess
their chance of developing dementia

-What do they consider to be the main benefits and
drawbacks of such a tool?

-How should the results of the tool best be
communicated? What should happen next?

brighton and sussex
medical school

National Institute for

Health and Care Research




Results from healthcare professionals

HCP results:

1. VYes, but only if there is an intervention

2. Yes, it could help people to find out about modifiable risk factors and change their lifestyles

3. You can’t do anything about genetic risk factors, so it’s much better to look at modifiable risk
factors than anything else

4. Some people might be able to turn their risk around

5. It would be helpful to have a risk assessment tool for routine care. It could lead to earlier
diagnosis and possibly some good treatment that could delay the onset of dementia.

6. It could help families because then they would be prepared.

> medical school



Results from Patients

“Yes, | would want to know ...... but some people
wouldn’t.”

“I’'m sure that some people would be very
anxious about it and may be a bit reticent because they
might not want to find out. | think it should be a
personal choice whether people want to have it done
or not”

“It’s helpful to know your risk so you can take more
control over your diet and lifestyle.”

“Dementia is awful. It definitely needs something,
and you’ve got to start somewhere, so | think the
assessment is a start.”

-

“If the medications work better with an early
diagnosis, that’s more power to the
assessments.”

brighton and sussex
medical school



What should be the next steps for the
dementia prediction tool?

Brainstorm ideas in the chat...

brighton and sussex
medical school



When should we do stakeholder/end-user engagement?

Research Setting up and Data Analysis and
interpretation

conception recruitment collection
and design

But
especially
here!

brightorr et o Sv
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Where can | get help if | want to start a health data project?

https://www.sussex.ics.nhs.uk/our-

www.bsms.ac.uk/arcdatahub work/our-priorities/digital/kent-
medway-and-sussex-secure-data-
Welcome to the ARC KSS Data Science Hub! environ ment-for-resea rCh/

An open access resource, identifying and exploring national and regional
(Kent, Surrey and Sussex) health and social care datasets. A space where

data access barriers are addressed, in the hope of encouraging improved
healthcare based on the real needs of everyday people as users of health
and care services.

Kent, Medway
& Sussex

SECURE DATA
ENVIRONMENT

brighton and sussex
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http://www.bsms.ac.uk/arcdatahub

Thank you — Questions?

Contact me:

e.m.ford@bsms.ac.uk

www.bsms.ac.uk/dr-elizabeth-ford

www.bsms.ac.uk/arcdatahub

NIHR | & sy and sussex

brighton and sussex
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