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Acknowledgement of Country

We recognise the diversity of Aboriginal and
Torres Strait Islander peoples across this country
and acknowledge their sovereignty was never ceded.

We pay our respects to Elders past and present, and
acknowledge their continued custodianship and care
for the many lands and waterways that support life.

We acknowledge the untold histories and the injustices
of the past and the present. We respect the value and
ongoing contribution that Aboriginal and Torres Strait
Islander peoples make to our communities and to
wider Australia.

We also acknowledge the talent and artistry of Emma Walke, who designed the artwork for our acknowledgment of
Aboriginal and Torres Strait Islander peoples. The design shows a story of connection to country and people,
representing the breadth of work we do with Aboriginal and Torres Strait Islander communities across Australia. The
colours represent the land, and the lines in between represent the water that connects us all.
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A review of our approach




Rationale and goal




Last year’s methods
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Zero-shot and guided classification
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Our test data

Li & Parikh (2020) dataset

N=1473 statements (diary entries)

Human tagged by emotion and topic (single classification)

Subset of 5 largest topics, with 200 entries selected at random as test set

Compared to other training sets (e.g. Twitter, IMDB, MNLI), the content more closely
resembles evaluation qualitative data




New contenders




New contenders
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New contenders (the reality)
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Reviewing our rubric




Classification Rubric

Scale
Poor Moderate Good
o Dimension A
Eg:" Dimension B
= Dimension C

e Rubrics have two elements:

« Domains containing dimensions of merit
(topics of interest)

 Scale (levels of performance)

 The rubric fulfils three purposes:

» Develop a consistent understanding of the
effectiveness of different approaches

« Enable a holistic assessment of approaches

* |dentify where there are gaps in
methodologies that need to be addressed
through further data collection




Classification Rubric

Low The approach performs poorly on

this dimension

The approach provides reasonable

performance but with some notable

flaws

High The approach performs well on this
dimension with no or negligible
flaws

N/A It is not possible to make a
confident judgement on this
dimension

Moderate

I

Accuracy The approach was successful in
matching the original coding

Speed The approach delivered results in
a timely fashion

Automation The approach operated
independently of human
Intervention

Ease of The approach was easy to set up

implementationand execute

Efficiency of  The approach was cost-effective
implementationto implement

Efficiency of  The approach can be scaled to
scale larger numbers of sources with
minimal marginal cost







Findings
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Accuracy
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Speed

Guided Zero-shot
Human Claude ~24000/hr ~24000/hr
QAD GPT4o ~24000/hr ~24000/hr
LDA Whyhive ~15000/hr ~15000/hr
BERTopic BERTopic ~12000/hr N/A
Claude LDA ~10000/hr ~10000/hr
GPT4o0 GPT35 ~2500/hr ~3000/hr
KeyBERT KeyBERT ~2400/hr ~N/A
Llama 3.1 QAD ~1400/hr* ~3000/hr*
Phi3 Llama 3.1 ~800/hr ~1200/hr
Whyhive Human ~550/hr ~900/hr
Phi3 ~350/hr ~600/hr
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Automation

Guided

Human
QAD

LDA
BERTopic
Claude
GPT40
KeyBERT
Llama 3.1
Phi3

Whyhive

fero-shot

Human

QAD

LDA

BERTopic,
KeyBERT

GPT 3.5, GPT
40, Claude

Llama 3.1,
Phi3

Whyhive

None

Automated classification with human
direction

Classification is automated, but human
needs to select model and clustering
Near total automation

Near total automation

Near total automation

Near total automation

14 October 2024

Slide 20



Ease

Human
QAD

LDA
BERTopic
Claude
GPT4o
KeyBERT
Llama 3.1
Phi3

Whyhive

Human

QAD

LDA

BERTopic,
KeyBERT

GPT 35

GPT4o,
Claude

Llama 3.1,
Phi3

Whyhive

Minimal

Minimal

Knowledge of Natural
Language Processing (NLP)
and programming

Programming knowledge
and understanding of
BERT model

Basic APl knowledge

Minimal (Web)
Basic APl knowledge (API)

Moderate APl and
programming knowledge

Minimal

Excel or NVivo

Excel

R, Python

Python

Python (for
API)

Web or API

Python (for
API)

Web
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Cost-effectiveness (implementation)

Human
QAD

LDA
BERTopic
Claude
GPT4o
KeyBERT
Llama 3.1
Phi3

Whyhive

Human

GPT4o,
Claude

QAD
Whyhive
LDA

BERTopic,
KeyBERT
GPT 3.5

Llama 3.1,
Phi3

Approach Setup Costs (estimated labour)

$20-$100 depending on complexity

$20-$40

$20-$40
$30-$60
$80-$180

$80-$180

$80-$180

$80-$180

14 October 2024



Cost-effectiveness (scaling)

Guided fero-shot

Human
QAD
LDA
BERTopic
Claude
GPT4o
KeyBERT
Llama 3.1
Phi3

Whyhive

Human
QAD
LDA
BERTopic

Llama 3.1

Phi3

GPT 35

GPT4o,
Claude

Whyhive

Almost no economies of scale
Marginal cost diminishes rapidly with scale
Near-zero fixed marginal cost
Near-zero fixed marginal cost

Near-zero fixed marginal cost

Near-zero fixed marginal cost (in theory)
but model degeneration is an issue

Cost is driven by token use; this is currently
cheap but fixed cost

Monthly access fee but no token limits for
paid versions, but context windows remain
a barrier to automation of analysis

Monthly access fee and analysis limits per
month
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Implementation vs Scaling

Guided fero-shot

Human
QAD

LDA
BERTopic
Claude
GPT4o
KeyBERT
Llama 3.1
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Whyhive

Human
QAD

LDA
BERTopic
Claude
GPT4o
KeyBERT
Llama3.1
Phi3

Whyhive

Guided

Zero-shot
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Implications and next steps




Implications for practice

Machine learning approaches are now
approaching human quality for guided analysis,
and with richer zero-shot analysis

Secure, offline approaches are also reaching

near-human accuracy, but are slower

Third party specialised solutions leveraging Al
are competitive options




Caveats and limitations - last year

Token
limitations for
APls

Security and
privacy of data

Package
dependency and
deprecation

Algorithmic bias
of training data




Caveats and limitations 2024
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Hallucination is (less of) a problem

 Phi3 showed severe degeneration of response quality with repeated
queries, suggesting possible issues in how the model handles inputs
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Next steps

Solution selection,

Expanded
application
testing

Model tuning and
optimisation

deployment and
Integration




This time next year...




. Connect with us
| Meanjin
O Brisbane

Narrm 5 N

Melbourne ‘



https://www.linkedin.com/company/artd-consultants
https://twitter.com/artdconsultants
http://www.artd.com.au/

A quick guide to comparing selected methods for text classification in evaluation scenarios
Analysis and classification by Gerard Atkinson, ARTD Consultants (Gerard Atkinson @artd.com.au)
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