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In a nutshell

In a Previous Life

Bachelors [VIT’14] and Masters [IIITD’17] in 
Computer Science

Master’s Thesis: “Detecting Inorganic Likes 
on Instagram”

Now

Ph.D Student in CSS 
[expected 2023]

“Identifying, Characterizing, and Mitigating 
Errors in the Measurement of Attitudes and 
Behaviours with Computational Methods”

Areas of Interest: Computational Social Science (CSS), Text Analysis

Core Competencies: Applied Machine Learning and Natural Language Processing (NLP)
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Digital Traces + computational 
methods, incl. NLP, are the 
*Telescope* for the Social 

Sciences



❖ [Tufekci’14] on the representative and methodological issues 
of using Twitter

❖ Social Data Biases and Pitfalls [Olteanu’20]

❖ Call for a Measurement Theory for Digital Trace Data 
[Jungherr’18]
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Inferences from Digital Traces: Challenges

https://arxiv.org/pdf/1403.7400
http://kiciman.org/wp-content/uploads/2017/08/SSRN-id2886526.pdf
https://www.researchgate.net/profile/Andreas_Jungherr/publication/316969025_Normalizing_Digital_Trace_Data/links/591ae8470f7e9beed7f5fd10/Normalizing-Digital-Trace-Data.pdf


Inferences from Digital Traces: Challenges
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❖ Issues with the use of ‘AI’ or computational methods
➢ black-box, intransparent
➢ perpetuate social biases

Shah et al., ‘Predictive Biases in 
Natural Language Processing 
Models: A Conceptual 
Framework and Overview’

https://aclanthology.org/2020.acl-main.468
https://aclanthology.org/2020.acl-main.468
https://aclanthology.org/2020.acl-main.468
https://aclanthology.org/2020.acl-main.468
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How can we make research with 
digital traces + NLP more valid and 

reliable?
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❖ Inspired by the quantitative social 
sciences and measurement 
theory, we develop a conceptual 
‘error framework’

❖ Error Frameworks link potential 
errors to each step of a study’s 
lifecycle

❖ Allows researchers to 
systematically identify and 
characterize errors
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TED-On: A Total Error Framework for Digital Traces of 
Human Behavior on Online Platforms
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Errors due to How 
constructs are 
defined and 

operationalized
Errors due to Who is 

being measured?

TED-On: A Total Error Framework for Digital Traces of 
Human Behavior on Online Platforms
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How do our 
modeling 
choices affect 
our NLP 
models?



Measuring Social Constructs with NLP (@indiiigosky)

How does Counterfactually 
Augmented Data Impact Models 
for Social Computing Constructs?
Indira Sen, Mattia Samory, Fabian Flöck,
Claudia Wagner, Isabelle Augenstein

14EMNLP 2021
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Measuring Social Constructs with NLP (@indiiigosky)

Social Computing NLP Models

❖ Language technology and NLP tools underpin AI methods for platform governance, 
employing social computing models
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Social Computing NLP Models

❖ Language technology and NLP tools underpin AI methods for platform governance, 
employing social computing models

❖ Supervised NLP models often learn dataset artefacts [Le Bras’20, Linzen’20, 
Samory’21] rather than the construct they’re supposed to model
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http://proceedings.mlr.press/v119/bras20a/bras20a.pdf
https://arxiv.org/pdf/2005.00955.pdf
https://ojs.aaai.org/index.php/ICWSM/article/view/18085/17888
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a sentiment model trained on movie reviews considers words like 
‘plot’, ‘script’, and ‘romantic’ to be indicative of sentiment
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Measuring Social Constructs with NLP (@indiiigosky)

Social Computing NLP Models

❖ Language technology and NLP tools underpin AI methods for platform governance, 
employing social computing models

❖ Supervised NLP models often learn dataset artefacts [Le Bras’20, Linzen’20, 
Samory’21] rather than the construct they’re supposed to model

❖ Hinders one type of model robustness => out-of-domain generalizability
19

a sentiment model trained on movie reviews considers words like 
‘plot’, ‘script’, and ‘romantic’ to be indicative of sentiment

http://proceedings.mlr.press/v119/bras20a/bras20a.pdf
https://arxiv.org/pdf/2005.00955.pdf
https://ojs.aaai.org/index.php/ICWSM/article/view/18085/17888
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Potential Solution: Counterfactually Augmented Data (CAD)
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What is Counterfactually Augmented Data?
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What is Counterfactually Augmented Data?

Obtained by making minimal changes to existing data to flip the label while 
still being meaningful
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original:     I don’t want a female commentator on soccer matches

Sexist
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CAD:          I don’t want an AI commentator on soccer matches
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Measuring Social Constructs with NLP (@indiiigosky)

What is Counterfactually Augmented Data?

Obtained by making minimal changes to existing data to flip the label while 
still being meaningful

Assumption. Obtain a pair of data points with opposite labels with everything 
in common but the construct => better capture meaningful features
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original:     I don’t want a female commentator on soccer matches

CAD:          I don’t want an AI commentator on soccer matches

Sexist

non-sexist
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This Work: Does CAD work and how?

26

❖ Does training on CAD improve model performance? 

❖ Are some types of CAD better than others? 

❖ Why is CAD Better? 
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Constructs, Data, and Methods
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Constructs, Data, and Methods
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Experimental Setup

❖ Counterfactual models trained on 50% original data, 50% CAD (25% for 
sexism as there’s only positive CAD)

❖ Non-Counterfactual models: models trained on 100% original data

❖ Results measured with Macro F1
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Measuring Social Constructs with NLP (@indiiigosky)

Part I: Does training on CAD improve model performance? 

33



Measuring Social Constructs with NLP (@indiiigosky)

Does training on CAD improve model performance? 
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Does training on CAD improve model performance? 

Counterfactual
Non-Counterfactual
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Does training on CAD improve model performance? 

Counterfactual
Non-Counterfactual❖ in-domain performance drops
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Does training on CAD improve model performance? 

Counterfactual
Non-Counterfactual❖ in-domain performance drops

❖ out-of-domain performance 
improves
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Does training on CAD improve model performance? 

Counterfactual
Non-Counterfactual❖ in-domain performance drops

❖ out-of-domain performance 
improves



Measuring Social Constructs with NLP (@indiiigosky)

❖ in-domain performance drops

❖ out-of-domain performance 
improves

❖ performance on adversarial data 
drops -- but the gap is smaller

40

Does training on CAD improve model performance? 

Counterfactual
Non-Counterfactual



Measuring Social Constructs with NLP (@indiiigosky)

❖ Does training on CAD improve model performance? 
Yes, for out-of-domain performance

41

This Work: Does CAD work and how?



Measuring Social Constructs with NLP (@indiiigosky)

❖ Does training on CAD improve model performance? 
Yes, for out-of-domain performance

❖ Are some types of CAD better than others? 
Through a novel typology of CAD, we find construct-driven CAD is better for sexism

❖ Why is CAD Better? 

42

This Work: Does CAD work and how?
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CAD helps us tackle 
some modeling 
errors
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CAD helps us tackle 
some modeling 
errors

But what if errors 
occur upstream?
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TED-On: A Total Error Framework for Digital Traces of 
Human Behavior on Online Platforms
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How do we 
define and 
operationalize 
the construct in 
a theory-driven 
way?

TED-On: A Total Error Framework for Digital Traces of 
Human Behavior on Online Platforms



Depression at Work: Exploring 
Depression in Major US Companies 
from Online Reviews

47

Indira Sen, Daniele Quercia, Marios Constantinides, Matteo Montecchi, Licia 
Capra, Sanja Šćepanović, Renzo Bianchi

47CSCW 2022



Depression in the workplace

48

❖ Damages employee wellbeing 

❖ Typically measured via surveys; But:

➢ Reporting biases

➢ Small, self-selected samples

❖ Measurement tools are either tailored towards burnout or general depression, not 

specific work-related depression



Company Reviews as an alternative to surveys
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Data: Company Reviews
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Data: Company Reviews
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Data: Company Reviews
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❖ We use 380K+ reviews between 2008-2020 about 104 S&P 500 companies 

from a popular company reviewing platform

❖ Each company has at least 1000 reviews



Theory: The Occupational Depression 
Inventory (ODI)

53

❖ Specifically created for 
measuring workplace 
depression

❖ 9 item survey covering many
dimensions — anhedonia, 
fatigue, suicidal ideation, and
more

But: How do we use this in passive 
reviews?



Theory: The Occupational Depression 
Inventory (ODI)
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❖ Specifically created for 
measuring workplace 
depression

❖ 9 item survey covering many
dimensions — anhedonia, 
fatigue, suicidal ideation, and
more

But: How do we use this in passive 
reviews?



autoODI: Discovering reviews with markers 
of ODI 
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Review p

ODI Dimension 
Item i

Review vector vp

item vector vi

AutoODI
simt(vp,vi)

Cosine similarity 
sim(vp,vi)

yesIn 95% 
and > 
0.31?

BERT pooling

BERT pooling

SBERT

Embed sentences Compute similarity Shortlist reviews
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Unlabeled data d 

Scale item s

data vector vd

Scale vector vs

Cosine similarity 
sim(vd,vs)

yes
> 

threshold

BERT pooling

BERT pooling

SBERT
Or other sentence 

embedding methods

Embed sentences Compute similarity Shortlist data

Relevant 
traces

autoODI: Discovering reviews with markers 
of ODI 



autoODI: Example
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SBERT

Review vector

ODI vector

Cosine similarity

‘Fatigue’: I felt exhausted 
because of my work.



autoODI: Example

63

SBERT

Review vector

Cosine similarity

‘I was tired frequently.’

‘Fatigue’: I felt exhausted 
because of my work. ODI vector



autoODI: Example
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SBERT

Review vector

A review about 
‘Fatigue’

Cosine similarity

‘I was tired frequently.’

‘Fatigue’: I felt exhausted 
because of my work.

0.45

ODI vector



autoODI: Example
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SBERT

Review vector

Cosine similarity

'I never felt like I was ever 
trained for the job.'

‘Fatigue’: I felt exhausted 
because of my work. ODI vector



autoODI: Example
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SBERT

Review vector

Not a review 
about ‘Fatigue’

Cosine similarity

'I never felt like I was ever 
trained for the job.'

‘Fatigue’: I felt exhausted 
because of my work.

0.10

ODI vector



The Four Dimensions of autoODI

67

ODI Category Survey Item Example of a Company Review

Depressed mood I felt depressed because of my job.
This was the most depressing job 
I've ever had.

Sleep Alterations

My sleep was disturbed as a result of job 
stress (I had difficulties falling asleep or 
staying asleep, or I slept much more than 
usual). I fell asleep countless times.

Fatigue / Loss of 
Energy I felt exhausted because of my work.

I came into work already tired 
many days.

Feelings of 
Worthlessness

My experience at work made me feel like a 
failure.

All in all, a very negative work 
experience for me.



❖ We validate the method in the following ways:

➢ Linguistic validation: obtain and rank most highly occurring keywords 

(1,2,3-grams) in shortlisted reviews by TF-IDF

Does the autoODI technique actually work?
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Applying the method: On a company and 
state level
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Are high ODI scores associated with negative 
state outcomes?
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Takeaways from autoODI
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Takeaways from autoODI
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❖ We devise an unobtrusive 
measure of occupational 
depression that is grounded in 
theory — using sentence 
embeddings and survey items



Takeaways from autoODI
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❖ We devise an unobtrusive 
measure of occupational 
depression that is grounded in 
theory — using sentence 
embeddings and survey items

❖ We find that companies and 
states with high ODI scores have 
less financial success
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Strengths and weaknesses of the method
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+ semi-supervised with input from domain experts => no labeled training 

data needed, applicable to other constructs

+ Captures related concepts => health and work-life balance
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Strengths and weaknesses of the method
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+ semi-supervised with input from domain experts => no labeled training 

data needed, applicable to other constructs

+ Captures related concepts => health and work-life balance

- SBERT is good at identifying topical similarity, not valence
➢ Review considered relevant for ‘At my work, there is not so much to do’: ‘All I do is work.’

- Word-sense disambiguation issues 
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- But also pitfalls!
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- Digital traces have great potentials for the social sciences

- But also pitfalls!

- Error frameworks help us identify, characterise, and document errors

- We need theory-driven NLP + CSS 

- Starting from, integrating, and updating social science theories

- High-quality data for modeling and model development

- Innovative methods, quantitative and qualitative
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Concluding thoughts on CSS + NLP Measurements

81

- Digital traces have great potentials for the social sciences

- But also pitfalls!

- Error frameworks help us identify, characterise, and document errors

- We need theory-driven NLP + CSS 

- Starting from, integrating, and updating social science theories

- High-quality data for modeling and model development

- Innovative methods, quantitative and qualitative

to calibrate the ‘telescope’
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Thanks to my amazing collaborators!
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