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Patients share narratives on patient forums
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Experiential knowledge

e Borkman (1976)"
‘truth learned from personal experience [...] '

« Traditionally undervalued in research 23

 Insight into Quality of Life

1. Borkman (1976). Experiential Knowledge: A New Concept for the Analysis of Self-Help Groups. Social Service Review, 50 (3)

2. Carter (2013). Mobilising the experiential knowledge of clinicians, patients and carers for applied health-care research. Contemporary Social Science, 8 (3).
3. Knotterus & Tugwell (2012). The patients' perspective is key, also in research. Journal of Clinical Epidemiology 65 (6)




Applications of health-related social media

s

To detect drug To track spread To detect adverse
abuse of disease drug responses
(oharmacovigilance)
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Automatic detection of narratives

« One study on a Dutch cancer forum (F, =0.91)4

« Narratives associated with psycho-linguistic features
- Linguistic: 15" person, 3@ person, Negations
- Psychological: Social processes, Religion

4. Verberne et al. (forthcoming). Social processes of online empowerment on a cancer patient discussion forum: using text mining to analyze linguistic patterns

of empowerment processes. JIMIR Cancer




Research questions

1. Can document embeddings and/or psycho-linguistic features improve the
identification of patient narratives?

2. How do narratives differ from other types of postse

3. How prevalent are narratives on a cancer patient forum and which topics these
narratives discusse




Data

UNSUPERVISED DATA SUPERVISED DATA

« Cancer forum of GIST patients « 1000 posts
« 36.722 pOStS « / annotators
« 20% overlap 2 Kk =0.69

« 37.7% positive




Method

Feature sets

Original
Unigrams Stemmed
Lemmatised

3-grams
Character 4-grams
n-grams 5-grams
6-grams

Psycho-linguistic
features (LIWC)

Machine Learning
10-fold CV Unsupervised data

SGD

KNN

MNB

Topic modelling
Linear SVC




Doc2Vec Document Embeddings

me Classifier
tumor
« Average vector for label
Narrative =~ Was . Logistic Regression
LABEL O: my

Dimensionality of

Non-Narrative embeddings (100 - 400 )

will

5. Le & Mikolov. Distributed Representations of Sentences and Documents. Proceedings of ICML 2014.



Classifier Evaluation

Feature set F.(%) Recall (%) Precision (%)
Original 795 78.8 81.1
Unigram Stemmed 81.4 79.3 84 .0
Lemmatised  80.8 81.0 81.3
3-grams 81.5 84.4 79.3
Character n-grams 4-grams 81.1 82.7 84.4
5-grams 79.6 78.4 817
6-grams 79.3 79.7 79 5
LIWC 77.3 80.5 75.2
DBOW 73.7 75.1 73.5
Doc2vec DM 76.2 749 785
DM + DBOW 77.2 80.3 74 .9



Influential features

Narrafives: - _
Positive emotions - - Body
. POS'I- Tense Insight - - Past Focus
Negations A - They
st Hear - - She/He
Hi person pronouns We - | Causal
@ You A ] - Negative emotions
Health > Leisure - - Quantifiers
- Sad - Motion o
© Religion - - Health 2
. | 1 - Reward ©
© Adverb - - Feel .
. ",: Interrogatives - - Time ;E
Non-narrative c Relativity - - Prepositions =z
O Friend I - Male
B Future tense Z Verb - Nonfluencies
Impersonal pronouns A - Biological processes
| 2nd PEerson pronouns Future focus A - Function words
Conjunctions - - Assent
Emotional support Differentiation - - Anger
Dictionary word count A - Authenticity

-0.025 0.000 0.025 0.050
Weights



Influential features Il

Narratives: Stemmed unigrams

M Past tense
youq N Fmy
st are - wa
B 15" person pronouns your - E— - had
il - - imatinib
Health drug o
g - -t
@ may - - year
> prayer - - and
+— beauti - - have o
© patient - - now =z
- gist - take o
. © We - - surgeri -
Non-narrative < our- - but o
C sorri - been =
B Future tense S us: o
Z  walk - - tumor
] peopl - - back
H 2"° person pronouns here - - in
) need - - they
Emotional support or 1 - get
would - - after

-0.2 -0.1 0.0 0.1 0.2 0.3 0.4
Weights



Unsupervised data

37% is narratives

Topic modelling NFM with TF-IDF weighting no stop words
TC-W2V ¢ modelling for number of topics

14 Topics

6. O'Callagan, Greene, Carthy & Cunningham (2015). An analysis of the coherence of descriptors in topic modeling. Expert Systems with

Applications , 42, 5645-5657



Selection of Topics

Topic label
Tumor Location

Other Medication than
First-line Treatment

Side Effects

Absence of Tumor Recurrence

Dosage of Medication

Top 5 words
Tumor stomach removed liver small

Sunitinib regorafenib sorafenib
imatinibb working

Side effects imatinib effect different

Disease evidence still years today

Mg 400 800 imatinibb 600

Top-ranked post
| only had one tumor on my stomach

| have this on sunitinib

and no side effects

No evidence of disease no evidence
of disease

11 years of imatinib since 2003 at 600
mg and since November 2009 at 800

mg [...]




Conclusions

RQ1 -« Character 3-grams are the best features for narrative classification.

RQ2 . Narratives are characterized by: 1t person pronouns, health ferms and
past fense
« Non-narrative text is characterized by: 29 person pronouns, emotional support

and future tense

RQ3 -« 37% of a cancer forum consisted of narratives about 14 different topics
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