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Mental	Health	&	Language	
•  Communica1on	is	important	in	mental	health:	

–  Communica1on	quality	associated	with	outcomes	(e.g.	Ong	et	al,	1995)	
–  Communica1on	during	treatment:	

•  Conversa1on	structure	(how)	and	content	(what)	

•  Can	NLP	techniques	help	us	analyse	&	understand	therapy?	

•  PPAT	project:		
–  transcripts	of	face-to-face	therapy	for	schizophrenia	

•  AOTD	project:	
–  online	text-based	therapy	for	depression	&	anxiety	

•  (Howes,	McCabe,	Purver,	SIGDIAL	2012,	IWCS	2013,	ACL	2014)	

•  SLADE	project:	
–  transcripts	of	face-to-face	diagnosis	mee1ngs	for	demen1a	
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Ques1ons	
•  What	features	of	language	correlate	with	/	predict	

symptoms	&	outcomes?	
–  Topic?	
–  Sen1ment/emo1onal	content?	
–  Specific	words/phrases?	

•  Can	we	use	them	to	help	diagnosis	and/or	treatment?	

•  Can	we	detect	them	automa1cally?		
–  Accurately	
–  Robustly	
–  Using	exis1ng	NLP	techniques/tools	

•  How	can	we	do	be7er?	
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PPAT:	Face-to-Face	Dialogue	
•  Transcripts	of	therapy	for	schizophrenia	
•  Manual	annota1on	&	sta1s1cal	analysis	

•  McCabe	et	al	(2013)	
•  Automa1c	NLP	processing	&	machine	learning	

•  Howes	et	al	(2012;	2013)	
•  Detec1ng	symptoms	

–  posi0ve	(delusions,	hallucina1ons,	beliefs)	
–  nega0ve	(withdrawal,	blunted	affect,	alogia)	

•  Predic1ng	related	outcomes	
–  ra1ngs	of	communica1on	quality	
–  future	adherence	to	treatment:	

•  non-adherence:	risk	of	relapse	3.7	1mes	higher	
–  shared	understanding	shown	to	be	a	related	factor	
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Machine	learning	approaches	
Unsupervised		
Uncover	useful	pa7erns	without	
prior	knowledge	
•  Depend	on	data	separability	
•  Depend	on	feature	choice	

Supervised		
Learn	from	manually	labelled	
examples	
	

•  Also	depends	on	label	choice,	
accuracy,	reliability	…	

Images:	wikipedia,	coursera.com	
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NLP:	brute	force	
•  Classify	en1re	dialogues	(pa1ent	turns	only)	with	SVMs,	ngrams	

–  Predict	adherence	to	treatment	6	months	later	

	
•  Similar	for	symptoms,	some	outcomes	e.g.	HAS,	PEQ	
•  Human	psychiatrist	given	same	task:	

•  But	how	well	will	this	generalise?	And	what	does	it	mean?	

Features	 P	(%)	 R	(%)	 F	(%)	

Class	of	interest	 28.9	 100.0	 44.8	

Baseline	features	 27.0	 51.9	 35.5	

Best	ngram	features	 70.3	 70.3	 70.3	

Data	 P	(%)	 R	(%)	 F	(%)	

Text	transcripts	 60.3	 79.6	 68.6	

Transcripts	+	video	 69.6	 88.6	 78.0	
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Manual	topic	segmenta1on	
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Topic	Modelling	
•  Latent	Dirichlet	Alloca1on	(Blei	et	al,	2003)	
•  Unsupervised	Bayesian	model:	

–  texts	as	mixtures	of	“topics”	
–  topics	as	distribu1ons	over	words	

•  No	prior	knowledge	of	topics	
–  number	of	topics	
–  likely	distribu1on	shapes	
–  (automa1cally	op1mised)	

•  Successful	applica1on	in	a	wide	range	of	
domains	&	tasks	
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LDA	topic	modelling	
•  Infer	20	lexical	“topics”:	
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LDA	topic	modelling	
•  LDA	topics	given	manual	“interpreta1ons”:	
–  (including	sen1ment	aspect)	
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Manual	vs	LDA	topic	correla1on	
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Outcome	predic1on	using	topics	
•  Include	topic	weight	per	dialogue,	with	general	
Dr/P	factors,	as	features:	

Measure	 Manual	
Acc	(%)	

LDA	Acc	
(%)	

HAS	Dr	 75.8	 75.0	

HAS	P	 59.0	 53.7	

PANSS	posi1ve	 61.1	 58.8	

PANSS	nega1ve	 62.1	 56.1	

PANSS	general	 59.5	 53.4	

PEQ	communica1on	 59.7	 56.7	

PEQ	comm	barriers	 61.9	 60.4	

PEQ	emo1on	 57.5	 57.5	

Adherence	(balanced)	 66.2	 54.1	
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Linguis1c	analysis:	Repair	

•  Manual	linguis1c	analysis	
–  Significant	role	of	repair	
–  Pa1ent-ini1ated	other-repair	&	self-repair	
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Compare	other	dialogue	contexts	

•  Therapy:	more	self-repair,	less	other-repair	&	ini1a1on	
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Pa1ent-doctor	comparison	

•  Pa1ents:	more	self-repair,	less	other-repair	&	ini1a1on	
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Other-Repair	
•  Define	features	manually,	extract	automa1cally	

–  Linguis1cally/observa1onally	informed:	
•  Wh-ques1on	words,	closed	class	repair	words	
•  Repe11on,	parallelism	
•  Backchannel	behaviour,	fillers,	pauses,	overlaps	

–  Brute	force:	all	unigrams	
•  Train	SVMs	to	detect	repairs	(NTRIs	&	P2Rs)	

–  44,000	turns,	only	567	NTRIs	(159	pa1ent),	830	P2Rs	(262)	
–  80-86%	on	balanced	data	
–  but	real	data	is	unbalanced	(only	1.3%	NTRIs)	
–  only	35-44%	F-scores	on	real	data	(above	20-36%	baselines)	

•  We	can	do	be7er	
–  Seman1c	parallelism	
–  Visual	&	audio	features	
–  …	but	it’s	not	actually	going	to	help	(given	this	distribu1on).	



Cognitive Science Research Group
http://cogsci.eecs.qmul.ac.uk

Schizophrenia:	Summary	
•  Repair	correlates	with	adherence	
–  automa1c	detec1on	is	difficult	
–  …	and	it’s	a	very	sparse	phenomenon	

•  Topic	modelling	provides	useful	features:	
–  topics	correlate	well	with	human-annotated	topics	
–  topics	predict	symptom	severity	
–  topics	predict	therapeu1c	rela1onship	ra1ngs	
–  topics	&	emo1on/stance	interrelate	

•  Predic1ng	future	adherence	to	treatment:	
–  words	&	ngrams	(phrases):	70%	
–  humans:	70%	(transcripts),	80%	(video)	
–  topics:	66%	(manual),	54%	(auto)	
–  i.e.	we	can	do	it,	but	we	don’t	really	understand	how	…	



Cognitive Science Research Group
http://cogsci.eecs.qmul.ac.uk

Online	Text-based	Therapy	

•  Text-based	therapy	for	
depression	&	anxiety	
–  PsychologyOnline	Ltd	

•  Cogni1ve	behavioural	
therapy	
–  2,000	sessions,	500	pa1ents,	

mean	5.65	sessions/pa1ent	
•  Anonymisa1on	using	RASP	

–  (Briscoe	et	al,	2006)	
–  Non-trivial	

•  Outcome	measure	
–  Pa1ent	Health	Ques1onnaire	

(PHQ-9)	
–  Current	severity,	progress	

since	start	
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Pa1ent	Health	Ques1onnaire	(PHQ-9)	
•  Collected	before	each	session	

–  0-27	scale:	higher	score	=	more	severe	depression	
–  moderate/severe	>=10			(in/out-of-caseness)	
–  Δ	since	start	
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Topics	
•  Themes	include	family,	sleep,	symptoms,	progress,	process:	
0	 1me	session	sorry	today	great	send	next	now	one	work	thanks	see	thank	

please	help	make	able	perhaps	look		

1	 feel	life	think	know	way	things	now	like	want	make	self	feelings	people	
change	maybe	someone	much	need	others		

2	 right	well	great	sure	appointment	feel	thank	just	lol	tonight	please	know	get	
sorry	say	bye	mee1ng	last	though	

3	 ea1ng	eat	food	weight	sick	drink	meal	now	lunch	control	great	chocolate	
absolutely	day	healthy	dinner	put	use	really		

4	 1me	husband	mum	family	feel	children	now	dad	want	see	said	friends	also	
kids	home	life	got	school	daughter	

5	 people	say	angry	situa1on	anger	situa1ons	said	way	social	others	like	one	
friends	talk	someone	person	behaviour	saying	know		

6	 get	go	know	like	need	things	going	just	think	try	want	one	something	1me	
good	now	make	day	start		
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Topic	vs	Schizophrenia	
Sleep	pa7erns	 day	sleep	week	1me	bed	work	

mood	night	get	things	days	
sleep	day	1me	feel	bed	bit	things	
hours	morning	sleeping	night	

Family	 1me	husband	mum	family	feel	
children	now	dad	want	see	said	
friends	also	kids	home	life	

mum	money	dad	brother	
shopping	died	enjoy	tablets	blood	
bad	daughter	sister	

Food	/	weight	 ea1ng	eat	food	weight	sick	drink	
meal	now	lunch	control	great	
chocolate	absolutely	day	healthy	

weight	stone	eat	medica1on	gain	
hospital	twelve	weigh	exercise	cut	
gym		

Nega1ve	feelings	 feel	life	think	know	way	things	
now	like	want	make	self	feelings	

feel	medica1on	feeling	thoughts	
1me	mood	low	head	past	illness	

Crises	 get	help	gp	depression	pain	know	
medica1on	health	therapy	sorry	
appointment	last	face	moment	

remember	doctor	hospital	reason	
police	people	memory	ring	
shaking	headaches	door	

Social	stress	 work	job	1me	good	stress	working	
get	school	life	money	wife	issues	

things	back	place	years	thought	
bit	ago	home	put	day	coming	
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Topic	vs	severity	&	progress	
0 Materials,	self-help,	procedures	 −	 10	 Unhelpful	thinking/habits	

1 Feelings/effects	of	rela1onships	on	
sense	of	self	

+	 +	 11	 Work/training/educa1on	issues/
goals	

2 Posi1ve	reac1ons/encouragement	 12	 Agenda/goal	sesng	&	review	

3 Issues	around	food	 13	 Panic	a7ack	descrip1on/explana1on	 −	 −	

4 Family/rela1onships	&	issues	with	
(mostly	nega1ve)	

+	 14	 Other	healthcare	professionals,	
crises,	risk,	interven1ons	

++	

5 Responses	to	social	situa1ons	 15	 Sleep/daily	rou1ne	 +	

6 Breaking	things	down	into	steps	 +	 16	 Posi1ve	progress,	improvements	 −−	 −	

7 Worries/fears/anxie1es	 −	 17	 Feelings,	specific	occasions/thoughts	 	
	

8 Managing	nega1ve	thoughts/
mindfulness	

18	 Explaining/framing	in	terms	of	CBT	
model	

+	

9 Fears,	checking,	rituals,	phobias	 −	 −	 19	 Techniques	for	taking	control	 −	 −	
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Sen1ment/Emo1on	Detec1on	
•  Detect	posi1ve	&	nega1ve	sen1ment	

–  see	e.g.	(DeVault	et	al,	2013)	
•  Detect	anger	

–  challenge	&	emo1on	elicita1on	in	CBT	process	
•  Compared	exis1ng	tools	

–  Manually	annotated	85	u7erances	in	1	session	
•  posi0ve	/	nega0ve	/	neutral	(inter-annotator	agreement	κ	=	0.66)	

•  Dic1onary-based	LIWC	
–  sen1ment	34-45%;	anger	recall	=	0	

•  Data-based	(RNNs)	Stanford,	trained	on	news	text	
–  sen1ment	51-54%	(no	anger)	

•  Data-based	(SVMs),	trained	on	Twi7er	text	
–  sen1ment	63-80%	
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Sen1ment/Emo1on	vs	PHQ	

•  More	posi1ve	sen1ment	è	be7er	PHQ,	progress	
•  More	variable	sen1ment	è	worse	progress	
•  More/more	variable	anger	è	worse	PHQ	

Severity	(PHQ)	 Progress	(ΔPHQ)	

Sen1ment	mean	 −−	 −	

Sen1ment	std	dev	 +	

Anger	mean/max	 +	

Anger	std	dev	 +	
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Predic1ng	final	outcomes	
•  Changes	in	levels	help	predic1ng	final	in/out-of-
caseness:		
–  using	features	from	ini1al	and/or	final	sessions:	

	
•  Features	chosen	are	informa1ve:	
–  Levels	of	sen1ment	&	anger,	progress	&	crisis/risk	topics	

•  Deltas	between	sessions	
–  PHQ	scores	at	assessment	and	ini1al	treatment	sessions	

		

Final	In-caseness	

Baseline	propor0on	 26.8%	

First	+	last	session	features,	incl	deltas	 0.71	(0.48)	

Including	early	PHQ	scores	 0.76	(0.51)	
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Predic1ng	dropout	
•  Can	we	predict	dropout	&	non-engagement?		

–  148	of	500	did	not	enter	or	stay	in	treatment	

	
•  >70%	accuracy	using	ini1al	session	features	

–  But	only	by	including	fine-grained	word	features	

		
		

Dropout	

Baseline	propor0on	 29.6%	

Assessment	session	features	 0.65	(0.26)	

Treatment	session	features	 0.70	(0.59)	

Both	sessions	 0.73	(0.64)	
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Predic1ng	therapy	quality	
•  Can	we	dis1nguish	“good”	from	“bad”	therapists?		

–  Top	25%	vs	bo7om	25%	based	on	number	of	pa1ents	recovered	

	
•  Good	accuracy	using	ini1al	&	final	session	features	

–  But	mostly	by	including	fine-grained	word	features	

		
		

Dropout	

Baseline	propor0on	 50%	

Only	high-level	features	 0.67	(0.63)	

Incuding	lexical	features	 0.78	(0.74)	
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Depression:	Summary	
•  Topic	modelling	provides	useful	features:	
–  topics	correlate	well	with	human-annotated	topics	and	
previous	study	

–  topics	correlate	with	symptom	severity	and	progress	
•  Emo1on	detec1on	provides	useful	features:	
–  levels	and	variability	predict	symptoms	and	progress	
–  needs	care	choosing	&	training	tools	

•  Predic1ng	useful	outcome	measures:	
–  recovery:	71%,	76%	with	PHQ	informa1on	
–  dropout:	73%	
–  therapist	quality:	78%	
–  but	we	don’t	en1rely	understand	the	last	two	…	
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SLADE:	Demen1a	Diagnosis	
•  U.	Exeter	dataset	

–  148	diagnosis	conversa1ons	with	doctor	(&	carer)	
•  70	posi1ve	diagnosis	of	demen1a	
•  78	nega1ve	diagnosis	(Mild	Cogni1ve	Impairment	in	some	cases)	

–  Auer	referral	from	GP,	memory	tests/scans	
–  Given	diagnosis,	advice	

•  Rela1vely	early	stage	
–  Can	we	aid	diagnosis?	
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Demen1a	&	Language	
•  Vocabulary	reduc1on	(e.g.	Hirst	&	Feng,	2012)	

–  Authors	over	long	1mescales	
•  Content	reduc1on	(e.g.	Orimaye	et	al	2014)	

–  Fewer	predicates	
–  Fewer	u7erances,	shorter	sentences	
–  Demen1aBank:	74%	

•  Speech	features	(Jarrold	et	al,	2014)	
–  Including	lexical	class	features	
–  Pronoun	vs	noun	vs	verb	frequencies	
–  Small	set,	healthy	controls:	80-90%	

•  But	we	have	short	1mescales,	diagnosis-dependent	content	…	
–  Advice	on	driving,	legal	requirements,	future	planning	
–  And	many	other	features	e.g.	length	
–  Need	content-independent	features	
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Conversa1on-based	studies	
•  Many	CA-like	studies	

–  Watson	et	al	1999	…	Jones	et	al	2015	
•  Indica1ve	dialogue-structural	features	

–  “Lack	of	fluency”	
•  Self-repair	
•  Lack	of	topic	coherence	

–  Other-repair	
•  Types,	appropriateness,	answering	behaviour,	lack	of	correc1ons	

–  Ques1on-answering	
•  Avoidance	strategies,	contentlessness	

–  Pausing	behaviour	
•  Intra-	and	inter-u7erance	

–  Backchannel	behaviour	
•  More	contentless	u7erances	vs	lower	use	of	con1nuants?	

–  Laughter	
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Ques1on-answering	
•  Watson	et	

	al	(1999)	
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Repair	
•  Watson	et	

	al	(1999)	
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First	try	
•  Simple	“content”-independent	features:	

–  Social	indicators:	
•  Gree1ngs	
•  Contribu1on	of	carer	

–  Self-repair	indices:	
•  Pauses,	filled	pauses,	incomplete	words	

–  Other-repair	indices:	
•  Repe11on,	conven1onal	forms	

–  Dialogue	structure	features:	
•  Non-answering	(short	answers,	“don’t	know”	keywords,	pauses)	
•  Carer	answering	(turn	sequences)	

•  Accuracy	c.70%	…	but:	
–  Pauses,	“non-answering”,	edit	terms	helpful	
–  Simple	repe11on	indices	not	useful	(inter/intra-u7erance)	
–  Simple	answering	(keywords/speaker	changes)	only	marginal	
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Next	steps	
•  Self-repair	iden1fica1on	via	(Hough	&	Purver,	2014)	classifier:	

–  In-domain	F-score	0.81	
–  Transfer	to	mental	health	domain:	0.68,	per-dialogue	correla1on	0.95	

•  Specific	dialogue	acts	for	ques1oning/answering:	
–  Ques1ons,	answers,	backchannels	

•  Improving	other-repair	models:	
–  Distribu1onal	seman1cs	for	meaning	parallelism	

•  Big	sparseness	problem	
–  Tagging	for	repair-related	DAs	(Surendran	&	Levow,	2006)	

•  check	8%	turns,	45%	f-score,	clarify	4%	turns,	19%	f-score	
–  Fragment	detec1on	in	dialogue	(Schlangen,	2005)	

•  Fragments	5%	of	turns,	30-40%	f-score	
•  Individual	classifiers	from	Switchboard	

–  Ques1ons,	backchannels	c.80%	accuracy	
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Repair	

•  Schizophrenia	data:	
–  Significant	role	of	repair	
–  Pa1ent-ini1ated	other-repair	(above)	
–  And	self-repair:	
Did	you	feel	that	–	did	you	despair	so	much	that	–	you	wondered	if	you	could	carry	on	
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Self-repair	
•  Incremental,	informa1on-theore1c	repair	point	classifier	

•  Domain-general	features:	
–  Similari1es	between	probability	distribu1ons	
–  Changes	in	probability	&	entropy	given	repair	hypotheses	
–  Combined	in	random	forest	classifier	
–  Near	state-of-the-art	F-score	0.81,	with	faster	incremental	performance	
–  Transfer	to	mental	health	domain:	0.68,	per-dialogue	correla1on	0.95	
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Distribu1onal	Seman1cs	
•  Vector	space	representa1ons	of	words	
–  Co-occurrence-based	or	learned	(Mikolov	et	al,	2013)	
–  Seman1c	similarity	&	regulari1es	
–  apple	close	to	orange,	far	from	pavement	
–  (king	–	queen)		
											≈	(man	–	woman)		
											≈	(uncle	–	aunt)	
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