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Automated CA & diagnostic decision making
Background

Typical diagnostic journey.for patients with,memory.complaints

General Practice
« Patients complaining of memory problems in primary
care may be referred for specialist evaluation

Within the memory clinic

+ History-taking by neurologist

« Neuropsychological testing (potentially repeated)

« Brain scanning (MR, CT, PET, potentially repeated)
« Diagnosis
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Background Background
Increasing, pressure. on;specialist memory. senvices in.the UK Increasing, proportion of EMD. presentations in. UK memory. clinics
Neu ive versus Psychi I

Between 2008/09 and 2014,
the number of people who
attended a memory service
rose by 682% (202 people to

1,579 people).

-
Alzheimer's @ @ @
Research
UK

ic & F
Memory Disorders 2004, 2006 & 2012

Il ND
F&P

2004 2006 2012

Blackburn, D. J., et al. Memory difficulties are not always a sign of incipient dementia: a review of the possible causes of
loss of memory efficiency. Brit med bulletin 2014:112:71-81.
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Automated CA & diagnostic decision making
Overview

Differential diagnosis of patients with. memory.complaints

Different Presentations to Sheffield Memory
Clinic between 2012-2013
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Proposed solution: Automated screening /. diagnostic stratification.
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CA-style ) - ASR: Automatic Speech
feature Recognition

extraction
: - ND: Neurodenerative Memory

Ry ) Disorder

| Classifier «
o P i - FMD: Functional Memory
Disorder
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Automated CA & diagnostic decision making
1. CA study of “natural” memory clinic interactions

Development of.an automated diagnostic decision aid

1. CA study of “natural” memory clinic
interactions.

. CA-inspired automatic analysis of
manually produced transcripts of “natural”
interactions.

. CA study of “natural” clinic versus
Intelligent Virtual Agent (IVA) interactions

. CA-inspired automatic analysis of
automatically produced transcripts.

. Optimisation of CA-inspired automatic
analysis by combination with other
diagnostic methods.
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Aim and methods

* Aim:
To identify features in patients’ talk which could help distinguish between
neurodegenerative and functional memory disorders.

.

Method:

Audio- / video recording of new appointments in the memory clinic (n=105).
Medical “gold standard diagnoses”

Description of conversational profiles of NDD (n=15) and FMD (n=15).
Blinded multirater prospective testing of diagnostic potential conversational
profiles (n=10).
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1. CA study of “natural” memory clinic interactions

Quantitative findings (15 FMD vs 15 ND patients)
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Reuber, M. et al. An interactional profile to assist the differential diagnosis of neurodegenerative and functional memory
disorders. Alzheimer Dis Assoc Disord 2018;32:197-206.

Quantitative findings in accompanied patients (6 FMD vs 14 ND patients)

Caes  Differeece ND

No. ND Cases No. FME
Decrpion A: Typial of ND B: Typical of IMD_ Cateporized A (n= 1) Categorized A/B (n=6) _vs. FMD ()

™ w NS

Reuber, M. et al. An interactional profile to assist the differential diagnosis of neurodegenerative and functional memory
disorders. Alzheimer Dis Assoc Disord 2018;32:197-206.
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Automated CA & diagnostic decision making
2. Automatic CA of manually produced transcripts

Differential diagnostic findings

« 15+5 patients with neurodegenerative memory disorder, 15+5 patients with
functional memory disorder

Phase 1: Evaluation of Diagnostic Scoring Aid (15+15)

Phase 2: Prospective pilot trial of DSA (5+5 patients, 2 raters)

Phase 1: Median DSA score NMD +5, FMD -5 (p<0.001), optimal diagnostic
cutoff: +1, sensitivity 86.7%, specificity 100%, interrater agreement: Kappa 0.8.

« Phase 2: Rater 1: correct 10/10, rater 2: 9/10

Reuber, M. et al. An interactional profile to assist the differential diagnosis of neurodegenerative and functional memory
disorders. Alzheimer Dis Assoc Disord 2018;32:197-206.

Aim and methods

« Aim:

To explore whether a range of acoustic, syntactic, semantic and visual features
inspired by CA findings can be defined in a computer-readable format, extracted
automatically from transcripts and fed into an automatic classifier to automate the
differentiation of conversational patterns typical of ND and FMD.

Method:

30 audio-recordings and manual transcripts of new appointments in the memory
clinic (15 patients with FMD, 15 with ND).

Medical “gold standard diagnoses”.

- Computer readable feature definition inspired by CA findings.

Automatic classification with range of classifiers (leave-one-out method).
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Automated CA & diagnostic decision making
2. Automatic CA of manually produced transcripts

“Translation” of CA findings into,computer-readable features

B. Mirheidari, D.
Blackburn, M. Reuber, T.
Walker, and H.
Christensen. Diagnosing
people with dementia
. PatFallureExampleEmpty Words . average using automatic
.T;hmk.“r.m» e ll the time conversaion analysis‘in
ings of
Iterspeech ., pp.
1220{1224, ISCA, 2016.
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Type Features

Acoustic
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mptyWords

B Mirheidari, D Blackburn, K Harkness, T Walker,
AVenneri, M Reuber, H Christensen. Toward the

of diagnostic C: Analysis in
Visunl-conceptual patients with memory complaints. J Alzheimer Dis
PatAVNoOID: 2017;58(2),373-87.
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files

"Translation” of CA transcripts into,computer-readable X

a) Manual CA

056 (dementia, accompanied)
T | Neu| How's er-reading, writing, spelling?
2 | Pat I:.nm ) <reading >(.) I read an awful lot(.) how-
ve-and the only
3 way T've noticed well we've got a three year
old grandson and I=
4 | AP| =Oh yeah

b) Transcript file
ow's er reading, writing, spelling?
8.1) Pa , reading, I read an awful lot, however, I have, and the only
way I've noticed 1t 16, well we've got a (laughs) three year old grandson and I.
oth: On yean.

B Mirheidari, D Blackburn, K Harkness, T Walker, A Venneri, M Reuber, H Christensen. Toward the automation of
diagnostic Conversation Analysis in patients with memory complaints. J Alzheimer Dis 2017;58(2),373-87.

" of. CA transcripts into. computer-readable XML files

©) XML file

B Mirheidari, D Blackburn, K Harkness, T Walker, A Venneri, M Reuber, H Christensen. Toward the automation of
diagnostic Conversation Analysis in patients with memory complaints. J Alzheimer Dis 2017:58(2),373-87.
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Eindings: Automatic classification,accuracy. ND versus EMD,

’ ’
? - Support Vector Machine
7 (SVM) with linear kernel
. ? - Random Forest
z ’ - Adaptive Boost (Adaboost)
H ’ - Perceptron
ﬂ - Stochastic Gradient Descent
ﬁ (SGD, linear classification)

f
?

A

Mean classification
accuracy: 93%

B. Mirheidari, D. Blackburn, M. Reuber, T. Walker, and H. Christensen. Diagnosing people with dementia using
automatic analysis,"in of . Pp. 1220{1224, ISCA, 2016.

Top 10 features used by, different classifiers

Rank | Feature Name

1 NeuAVUniqueWords

2 APsNoOfTurns

3 PatAVUniqueWords

1 PatAVTurnLength

5 AVNoOfRepeatedQuestions
6 PatFailureExampleEmpty Words
7 PatAVFillers

8 Pat AVAIIWords

9 PatMeForWhoConcerns

10 Pat AVPauses

B Mirheidari, D Blackburn, K Harkness, T Walker, A Venneri, M Reuber, H Christensen. Toward the automation of
diagnostic Conversation Analysis in patients with memory complaints. J Alzheimer Dis 2017:58(2),373-87.
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Aim and methods

* Aim:

To explore whether patients with memory complaints are able to interact with an
intelligent virtual agent (IVA) and that IVA-patient interactions continue to
demonstrate differences between ND and FMD interactions.

.

Method:

Video/audio-recordings and manual transcripts of new appointments in the memory
clinic & IVA-patient interactions.

- Medical “gold standard diagnoses”.

- Col ion analytic ion and comparison of both types of interactions.
12 Memory clinic vs 10 avatar interactions (11 patients with FMD, 11 with ND).

Intelligent Virtual Agent (IVA; early.version)

Prototype avatar (using https://www.botlibre.com).
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3. CA analysis: doctor-patient vs. IVA-patient interactions

Interaction with IVA (“digital doctor”)

=0
Timer 00:14

IVA script

"Hello | am a computerised doctor and | will be asking you questions
today. | will ask you the sort of questions doctors ask in the memory
clinic. Thank you for talking to me. | will start to ask you questions shortly.

1. Where have you come from today, and what are you are hoping to |
find out?”
2. Tell me what problems you have noticed with your memory recently

3. Who is most worried about your memory, you or somebody else?
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3. CA analysis: doctor-patient vs. IVA-patient interactions

VA script

4. What did you do over last weekend, giving as much detail as you can?
5. What has been in the news recently?

6. Tell me about the school you went to and how old were when you left.
7. Tell me about your last job? Give as much detail as you can.

8. Who manages your finances? you or somebody else? Has this
changed recently?

Eindings: Doctor’s questions are much more variable than IVA's
(1) 056: DR-ND

1 Neu:

Walker T et al. Developing an intelligent virtual agent to stratify people with cognitive complaints: A comparison of
human-patient and intelligent virtual agent-patient interaction. Dementia 2018;D0IDOI: 10.1177/1471301218795238.
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s are. much, more variable than IVA's

gs: Doctor’s questi

(3) 083: DR-ND

1 Neu: and cn- can you tell: m:e=give me examples of how your memory
2 has let you dow

3 (2.3)

4 Pat: I find it- I find it very easy to forget things these days

(4) 043: DR-ND
> Neu:

2

3

t know (now)
I can’t remember ((lalughs))

6
Walker T et al. Developing an intelligent virtual agent to stratify people with cognitive complaints: A comparison of
human-patient and intelligent virtual agent-patient interaction. Dementia 2018;:D0IDOI: 10.1177/1471301218795238.

ngs: Ratients’ responses to IVA s| r.to.responses to doctor:

IVA: “Tell me, what problems have you had with your memory.”
(9 PO3: IVA-FMD

£y .hhhhh

3) what-

Pat:  ah various problem:s (1.2) with m
o 1 © remember

©

Walker T et al. Developing an intelligent virtual agent to stratify people with cognitive complaints: A comparison of
human-patient and intelligent virtual agent-patient interaction. Dementia 2018;DOIDOI: 10.1177/1471301218795238.
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3. CA analysis: doctor-patient vs. IVA-patient interactions

Findings: Start of IVA interaction (FMD, sec IVA interaction)

is record

.

5 Pat: one year after having er (.) problems with my

8 Ql: Tell me (0.7) what problems (0.6) have you had (0.7) with your memory
1 mistakes I had forgotten to do something (0.5) er; I was misidentifying it

Findings: Start of avatar interaction

(0.4) Like I said

a vol.

have you come in

to hel

1
2
3
a
5
6
7
8
9

10

1

12

13
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15

16

17
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20
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2

23 me «

2 again? (1.8)
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4. Automatic analysis of automatically produced transcripts

methods

* Aim:

- To provide proof-of-principle that interactions between and IVA and patients with
memory problems can be transcribed using automatic diarisation and speech
recognition (ASR), lysed by at i ic features ion and
classified into ND and FMD groups.

.

Method:

Video/audio-recordings and automatic transcripts of [VA-patient interactions (plus 30
recordings / manual transcripts of doctor-patient interactions).

Medical “gold standard diagnoses”.

- A ic diarisation, feature ion and

- Classification of 12 avatar interactions (6 patients with FMD, 6 with ND).

utomatically. extracted diagnostic features

Category | Feature
CA number of twns (APSNOOTTurns, PatNoOTTurns, NeuNoOTTurns); average length of trm (APSAV TurnLength,

inspired | PatAVTurnLength, NeuAV TurnLength); number of unique words in a turn UniqueWords,
PatAVU s, NeuAV UniqueWords): patient answers “me” for question “who's most concerned”
(PatMeForWhoConcerns): patient recalls memory failure features (PatFailureExampleEmptyWords,
Fi X Fi 2 the expectation question

patient replie
(PatDunnoForExpectations mber of filler, empty. unique and low-
PatAVEmptyWords, PatAV Uni s PatAVAIWords); average number
(AVNoOfRepeatedQuestions): average number of topics discussed (AVNoOT

Lexical | average number of verbs, nouns, adjectives, adverbs, pronouns, wh_words(e.g. who), determiner, conjunctions,
(Partof | cardinals, existential(e.g., ther p gVerh, Noun, P jecti
specch) | PatAvgPronoun, PatAvgWh w wgDeterminer, PatAvgConjunction, PatAvgCardinal,

Existential, PatAvgPreposi S)

Acoustic pitch, duration and gPitch,
between the first harmonic and the harmonic close to the first, second and third
AvgH1-AL PatAvgH1-A2, PatAv 3): difference between the two first harmonics

12): local jitter and 1P ShimmerLocal); ha . and

\R. P:
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Eindings: Automatically. Speech| Recognition accuracy,

System Train Test WER
Baseline- HUM HUM HUM | 55.7%
Baseline_Ava AVA AVA 77.0%
Cross domain HUM AVA 65.0%
MAP adaptation | Map on HUM | AVA 58.7%
Combining data HUM+AVA AVA | 46.2%

(WER: Word Error Rate)

B. Mirheidari, D. Blackburn, K. Harkness, T. Walker, A. Venneri, M. Reuber, and H. Christensen, \An avatar-based
system for identifying individuals likely to develop dementia," Proc. Interspeech 2017, pp 3147-3151.

Train/Test CA | AC | LX | ALL | T10
man/ 96.7% 83.3% 66.7% 76.7%| 100%

HUM_man
HUM/ HUM 76.7% 60.0% 50.0% 76.7%| 90.0%
AVA_man+ 58.3% 66.7% 83.3% %| 15.0%
HUM_man/AVA_man
AVA_man+ 727% 63.6% 63.6% 81.8%| 72.7%
HUM_man/AVA
AVA+ 63.6% 54.5% 63.6% 90.9%| 72.7%
HUM_man/AVA

(' _man’.using gold-standard transcript instead of ASR-produced transcripts; ‘CA’: Ca-style
features; ‘AC": acoustic features; ‘LX'": lexical features; ‘T10'": top 10 informative features.)

B. Mirheidari, D. Blackburn, K. Harkness, T. Walker, A. Venneri, M. Reuber, and H. Christensen, \An avatar-based
system for identifying individuals likely to develop dementia,” Proc. Interspeech 2017, pp 3147-3151.
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5. Optimisation of automatic diagnostic procedure

d improvement and additional tools

+ Improvement of current method:

- Better training of ASR using a much bigger data of situationally relevant data.

« Improvement of syntactic / semantic analysis by better automatic textual analysis
(e.g. word vector representations such as ‘w2vec'and ‘GloVe' instead of ‘bag of
words’ approach).

Broader validation with other important diagnostic groups (depressed / healthy)

Additional tools:

Integration of previously standardised neuropsychological tests.
Automatic acoustic analysis.

Automatic video-analysis (eg. blinking / gaze / head turning behaviour).

Extension of. IVA script.

9. Please name as many animals as you can. You can name any type of
animal. You will have one minute- please start after you hear the buzzer.

10. Please name as many words as you can that begin with the letter P. It
can be any word beginning with P except for names or people such as
Peter or names of countries such as Portugal. Please start answering
after you hear the buzzer.

11. Tell me everything you see going on in this picture? Please describe it in
as much detail as you can. When you have finished press FOREWARD.
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Cogkie theft picture

Method: Classification based onacou

tic features

FMD
Speech > Pre- > Feature > | c

S. Al-Hameed, M. Benaissa, H. Christensen, B Mirheidari,D Blackburn,M Reuber. Using acoustic measures to assess
cognitive interactional capability in patients presenting with memory problems. Manuscript in preparation 2018.
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Classification based on aucoustic features

Type Number of features

Thionation amd voree qualy

(Fhank) Spectral
Mol froquency copstral coofficients (MFCC) | Spoctral features:
"Total 2

(extondod

S. Al-Hameed, M. Benaissa, H. Christensen, B Mirheidari,D Blackburn,M Reuber. Using acoustic measures to assess
cognitive interactional capability in patients presenting with memory problems. Manuscript in preparation 2018.

oustic features

Classifier All features (812) | Top(7) featurcs based on | Top (24) features based
SVM wrapper (5) | on Pearson’s Filter
Tincar SVM 96.7 % 96.7 %
| Random forest 93.3% 86.6%
Adaboost 96.7% 96.7%
MLP 96.7% 93.3%
Lincar via SGD | 76.7 % 96.7 % 93.3%
Mean 786 % 96.0 % 93.3%

S. Al-Hameed, M. Benaissa, H. Christensen, B Mirheidari,D Blackburn,M Reuber. Using acoustic measures to assess
cognitive interactional capability in patients presenting with memory problems. Manuscript in preparation 2018.
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Classification based on visual features

Signal filtering » FMD

13
13

I~ [ Guze ctimaton Feature extraction_|—{ Classifier |5— ND
E Signal filtering » Mc1

S. Al-Gawwam, M. Benaissa, Mirheidari, D. Blackburn, K. Reuber, H. Christensen. Visual features supporting the
automatic identification of individuals likely to develop dementia. Manuscript in preparation 2018.

Preliminary. findings: Classification based on visual features

S. Al-Gawwam, M. Benaissa,

Q Q@ Q3 Q4 0 Q6 Q7 Q8  Giidan'D Blackbum, K
707 1222 1222 7222 6111 6666 888 7077 Mevserth chrctomeon Visual
Table 1: Classification results for MCI v§ NDvs FMD subjects using eye features supporting the

blink features automatic identification of
individuals likely to develop
dementia. Manuscript in
preparation 2018.
Q1 Q2 3 Q5 Q6 Q7 Q8
94444 7177 6L11 6666 66.66 5555 9444 7177
Table 2: Classification results for MCl vs NDvs FMD subjects using
Head turning features

Q1 Q2 Q3 Q4 Qs Q6 Q7 Q8

7777 5555 7222 7222 7222 5555 9444 66.66
Table 3: Classification results for MCI vs NDvs FMD subjects using eye
gaze features
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The End

Diagnostic pathway. ofi the fi

Opportunity Solution

)
&
B (Vecuem} o
€ }'M EE a Computrized Anaiyss  Rosult © B kA
B S o @
The Method. B analysing conversations imaarg Ass
between patients and a computerised
cocoa
procedures y
Skilod sttt Long || dementi. Sagnosa ng s00n 1 cic
“otware s kown | waiting times, time to diagnosis for patients, reduce
vty fo patents movin along he sy 3 COCOA anxiay for patints and costs o the NHS.

Acknowledgements:

Dr Heidi Christensen
Bahman Mirheidi
Dr Daniel Blackburn
Sabah Al-Hameed
Mohammed Benaissa
Salman Al-Gawwam
Dr Traci Walker

M. Reuber / 41

M. Reuber / 42




