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Why (re-)analyze annotation behavior?
2. Unclear whether demographics help
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Goal

Model annotation as a function of the who and the what, and their interaction
in different scenarios:
1. Comparing related tasks

2. Comparing different annotator groups on the same items

3. Comparing batches for the same annotation guidelines
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Task

Consider you read the above comment on Reddit, how offensive do you think itis?

Mot offensive atall O © O O O Very offensive

Move backward
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Setup
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0 Asian / Pacific Islander

o Other [open ended]

o Prefer not to say

¢ Look at attributes of who, what, and interactions

 Annotator characteristics from existing datasets
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Setup

y ~ X_L + X_S + X_S:X_S + X_L:X_S +
(1 | item) + (1 | annotator)

¢ Take into account the structure
» Bayesian multilevel regression

o Random intercepts for annotators and items
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Setup

o Keep it manageable (evidence, interpretability, computationally)
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» Keep it manageable (evidence, interpretability, computationally)

« Linguistic feature preselection
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Setup

——— Hosssshos Distibution
e GauSsian Distribution

0.5

Probability Density

tall-spike

0.0

» Keep it manageable (evidence, interpretability, computationally)

o Linguistic feature preselection

0
Weight Value

« Strong regularization (Horseshoe prior)
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Results: Comparing Related Tasks

Dataset Task ltems Annotations Annotators Ann. per ltem
MHS Hatefulness 3,556 17,693 1,385 4.0+0.2
POPQUORN Offensiveness 1,500 13,036 262 8.7+1.0

Can we expect similar effects for related tasks?
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Results: Comparing Related Tasks
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— Slurs and vulgar terms generally increase the offensiveness/hatefulness ratings
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— Sentiment points in expected directions
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Results: Comparing Related Tasks
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— We find spurious effects
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Results: Comparing Related Tasks
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— Interactions and intersectional identities play a role!

18



19

©® 45-49
55-59
60-64
>65

@ 25-29
@ 30-34
@ 35-39
© 40-44
© 50-54

age
@ 18-24

}ﬂl - [esoqi ApWianxe

# - [elea|
w - resaaApubiis
m - [esnau
m - aAleAIasuod Apybils
.ﬁl - BARAIBSUOD

-M - 9AIIBAIBSUOD AjWanxa
' ' ' ' '
@ ™~ @ 0 <
o o o o o
uonejouue

ideology

Results: Comparing Related Tasks



Results:

Comparing Related Tasks
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Bigger Picture: Comparing Related Tasks

« Similar tendencies on expected axes (domain-specific, sentiment)

« Considerable variation on more general features
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Bigger Picture: Comparing Related Tasks

Similar tendencies on expected axes (domain-specific, sentiment)

« Considerable variation on more general features

Individual demographics proxies play less of a role

« interactions and intersectional identities may to different extents

20
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Simulating New Annotators

Do effects found for an annotator population map to another
demographically similar one on the same items?
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Simulating New Annotators

2

Dataset Task Iltems Annotations Annotators Ann. per ltem

D3CODE Offensiveness 4,402 139,379 4,309 31.7+£16.6

« Diverse annotator pool (countries, SES, demographics, moral foundations)
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Simulating New Annotators

Dataset Task Iltems Annotations Annotators Ann. per ltem

D3CODE Offensiveness 4,402 139,379 4,309 31.7+£16.6

« Diverse annotator pool (countries, SES, demographics, moral foundations)

Split annotator set per item into halves

¢ Ensure overall annotator characteristics distributions

Fit a model per split — compare

22



Results: Simulating New Annotators
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— Only % surviving effects are shared across splits
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— (Intersectional) characteristics play a role
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— Interactions play a role (but some only for half of the annotators)
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Results: Simulating New Annotators
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— Interactions of annotator characteristics with slurs and vulgar terms
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Bigger Picture: New Annotators

o We can expect some aligned labeling behavior

« But: considerable level of variation between similar annotator sets
— individual differences? item-specific attitudes?

25
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Simulating New Batches

2

Dataset Task Iltems Annotations Annotators Ann. perltem

CTDP Toxicity 97,489 221,087 10,958 4.7+0.6

« Lived experiences, item-specific attitudes, task attitudes, demographics
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Simulating New Batches

Dataset Task Iltems Annotations Annotators Ann. perltem

CTDP Toxicity 97,489 221,087 10,958 4.7+0.6

Lived experiences, item-specific attitudes, task attitudes, demographics

¢ Reconstruct batches

Subsets of 300 batches each (20 items x 5 annotators x 300 batches)

« Fit models for three subsets

26



Results: Simulating New Batches @
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— 2 effects surviving in > 2 splits
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Results: Simulating New Batches

fine_to_see_online.L- —e— ; Split
—— -
i = 1 - 1
remove_from_online.L - ——
-— X
- -2
fine_to_see_online.L:remove_from_online.Q - :
- . - a o - 3
o :
o fine_to_see_online.L:toxic_comments_problem.L - =
£ - . N
g fine_to_see_online.Q:remove_from_online.L - =
L ) D e
religion_important.L:remove_from_online.L - —
technology_impact.L:personlly_been_targetTRUE - : 5
uses_media_forumsTRUE:remove_from_online.L - ¥
1 1 1 1
-1.0 -0.5 0.0 0.5
Estimate

— Only item-specific attitudes survive in all three splits
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Results: Simulating New Batches
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— Item-specific attitudes interact with lived experience and identity
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Conclusions

Considerable variation even within a bundle of tasks; annotators, items
— Should we expect generalization?

« To understand variation, we may want to take into account item-annotator
interactions or collect item-specific attitudes

Reflect

¢ Which items do we want or need more annotations on?

¢ Which annotator characteristics do we need to collect?

Let’s document our collected annotations better: batches, annotation setting, etc.

28



Thank you! Questions?

Contact me

29
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Annotator Characteristics

Feature Type Reference Dataset
Gender nominal male all
Age ordinal all
Education ordinal CTDP, POPQUORN, MHS
Race nominal white CTDP, POPQUORN, MHS
Political ideology ordinal MHS
Political affiliation nominal Liberal CTDP
Socio-economic status ordinal D3CODE, POPQUORN
Moral foundations interval D3CODE
Country nominal USA D3CODE
Media usage nominal no CTDP
Task-specific questionnaire  ordinal CTDP
nominal no CTDP
Occupation nominal employed full-time POPQUORN
LGBTQ status nominal heterosexual CTDP
Trans status nominal no MHS
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Domain-specific Lexicons

Source Feature Explanation
Hatebase n_hatebase Number of tokens found on Hatebase
Abusive Words n_abusive Number of tokens found in the Abusive Words lexicon
Hurtlex n_ps Number of negative stereotype/ethnic slur tokens
n_rci Number of location/demonym tokens
n_pa Number of profession/occupation tokens
n_ddf Number of tokens related to physical disabilities and diversity
n_ddp Number of tokens related to cognitive disabilities and diversity
n_dmc Number of tokens related to moral and behavioral defects
n_rci Number of tokens related to physical disabilities and diversity
n_is Number of tokens related to social and economic disadvantage
n_or Number of tokens related to plants
n_an Number of tokens related to animals
n_asm Number of tokens related to male genitalia
n_asf Number of tokens related to female genitalia
n_ps Number of tokens related to prostitution
n_om Number of tokens related to homosexuality
n_gas Number of tokens with potentially negative connotations
n_cds Number of derogatory tokens
n_re Number of tokens related to felonies, crime, and immoral behavior
n_svp Number of tokens related to the seven deadly sins of the Christian tradition
Harassment Lexicon n_generic Number of tokens related to harassment
n_sexual Number of tokens related to sexual harassment
n_appearance Number of tokens related to appearance-related harassment
n_racial Number of tokens related to racial harassment
n_intelligence  Number of tokens related to intellectual harassment
n_politics Number of tokens related to political harassment
n_hateful Number of tokens in the union of all lexicons
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Results

Do Random Intercepts Both for Annotators and Items Make a Difference?

(1 | item) (1 | item) + (1| annotator)

Coef. Std.Err. P> |t| ‘ Coef.  Std.Err. P>t

(Intercept) B8 005 <2016 | B8 o018 <2e-16
gender: Non-binary E28 o006 000| -023 021 0.29
gender: Woman 0.02 0.30 | -0.01 0.07 0.84
race: Black or African American 018 0.04 0.04 | 0.19 0.16 0.24
race: Hispanic or Latino -0.04 0.08 0.02 | -0.40 0.28 0.16
race: White 011 0.04 0.01 | -0.10 0.13 0.46
age: 18-24 011 0.04 0.01 | -0.12 0.15 0.42
age: 25-29 030 0.04 0.00 | -0.30 0.16 0.06
age: 30-34 -0.28 0.04 0.00 | -0.28 0.15 0.07
age: 35-39 -0.26 0.04 0.00 | -0.26 0.15 0.08
age: 40-44 -0.15 0.04 0.00 | -0.15 0.15 0.34
age: 45-49 -0.20 0.04 0.00 | -0.20 0.16 0.21
age: 50-54 -0.26 0.05 0.00 | -0.27 0.17 0.11
age: 54-59 EOEl o004 000 -011 014 043
age: 60-64 B2 o005 o000| 019 018 0.29
education: Graduate degree 6@ 003 o001| 007 009 0.48
education: High school diploma or equivalent 0.02 0.02 0.51 | 0.02 0.08 0.77

— Yes
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Results: Simulating New Batches

Igbtg_statusBisexual:n_high_Otlactory_sensorimotor - tc
is_parentYes:identify_as_transgenderYes -
identify_as_transgenderYes remove_from_online. L -
genderwoman:remove_from_online.G =
fine_to_see_online.Q:uses_media_videoTRUE -
fine_to_see_online.Quuses_media_forumsTRUE -
fine_to_see_online Q:toxic_comments_problem.L -
fine_to_see_online.Q:remove_from_online.L -
fine_to_see_online.Q:identify_as_transgenderYes -
fine_to_see_online.Q:avg_n_synsets_adj=
fine_to_see_online.L-toxic_comments_prablem.L -
fine_to_see_online.Ltechnology_impactE4 -
fine_to_see_online.L:remove_from_online.Q -
fine_to_see_online.L personlly_been_targetTRUE -

Split :
fine_to_see_online L:personally_seen_toxic_content TRUE - P

- 1
fine_to_see_onlinel- __ 2
age_range.C:fine_to_see_online.L- —* 3

-2

uses_social_mediaTRUE:.uses_media_videoTRUE -
uses_social_mediaTRUE remove_from_online.L -
uses_media_videoTRUE:remove_from_online.L -

uses_media_forumsTRUE remove_from_online.L -

taxic_comments_problem. L.remove_from_online.L -

technology_impact L-personily_been_tlargetTRUE -

toxie_comments_problem.Q:n_re_hurtlex -
technology_impact.Q:n_abusive_words -
ramove_from_online.L - -
-

religion_important. L:remove_from_online.L -

religion_important.Lfine_to_see_online.Q -

Amer itical_affiliationC ive -

n ican] o

raceBlackorAfricanAmerican:fine_to_see_online.L

_from_online.L -

political_affiliationConservative:n_re_hurtlex =

n_hatefull_all_lexicons =

L}

Igbtq_statusBisesual:remove_from_online.L -
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Interactions: POPQUORN
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Interactions: MHS
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Interactions: MHS
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Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE

15-

© 697

ses

@ 509
® 321

0 &
o ]
g 2
uonejouue
898
© 6 o
"
goeo

&

uonejouue

4*%*#k%44¥###*#**m4#+

0.75-

#*MMﬁMHM###M**#*ﬁ##*ﬁ

09-

- weusin
- wopbury panun
-saleliws gely pauun
-®210 LINOS
-alodebuis

- ered

-euabiN

- pue[eaz meN

- spuepiayiaN

- 00IXa |

- ueder

-elpul

country

-eueyo

- Auewian

-1dAB3

-euyd

-epeue)

-lzeig

-elRASNY

-eunuabiy

- BOlBWY JO sarels palun

- wewain
- wopBun paun

- sajeliw3 qely payun
- 2210 LIS

- aiodebus

e}

~euabIN

- puefeaz MoN

- spuepiatian

- oo

- veder

country

-~epul
-euRyD

- Auewian
10463
~BUIYD
-epeued
-lizeig
-~eEasnY
~eupuabiy

- BoUBLIY J0 SIS paNun

40



Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE @
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Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE
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Interactions: D3CODE
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