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1 Classification Taxonomy

This appendix provides detailed definitions for all 25 classification categories used in our
multi-label job posting classification framework. Categories are organized into three domains:

digital skills, general skills, and workplace flexibility measures.

1.1 Digital Skills Categories

Category

Description

Artificial Intelligence (AI)

Skills related to Al technologies and machine
intelligence.

Generative Al (GenAl)

Skills related to generating content using Al models.

CRM

Skills involving customer relationship management.

Computer Support and
Networking

Skills in setting up, managing, and supporting
computer systems and networks.

Data Analysis

Skills in analyzing, visualizing, and interpreting data.

Digital Design

Skills in creating digital content, including UI/UX and
multimedia design.

Digital Marketing

Skills related to online marketing and analytics.

Machining and
Manufacturing Technology

Skills related to manufacturing processes and technical
engineering.

Productivity

Skills in tools that improve workflow and collaboration,
like Excel.

Programming and Software
Development

Skills in software programming, development, and
related tools.

Table 1: Digital Skills Categories




1.2 General Skills Categories

Category

Description

Character Traits

Personal qualities or work habits that contribute to job
performance.

Cognitive Skills

Intellectual and analytical skills for problem-solving.

Customer Service

Skills related to interacting with customers or clients.

Financial Skills

Skills in financial tasks like budgeting and accounting.

Management Skills

Skills required for team leadership, supervision, and
resource management.

Social Skills

Interpersonal skills for effective communication and
collaboration.

Writing and Language

Skills related to writing proficiency and language
abilities.

Table 2: General Skills Categories

1.3  Workplace Flexibility Categories

Category

Description

Working from Home
(wthOptions)

Option to work outside a traditional office setting.

Company-Driven
Flexibility Hours

Requires scheduling flexibility based on company needs.

Employee-Driven
Flexibility Hours

Allows employees to set their own hours.

Flexible Tasks

Expectation for adaptability in tasks and

responsibilities.
Temporary Limited-duration or project-based positions.
Part Time Position with reduced hours compared to full-time.
Shift Work Work requiring non-standard or rotating shifts.
Travelling Role requires regular travel or working across multiple

locations.

Table 3: Workplace Flexibility Categories




2  Human Annotation Process

Following Ludwig et al] [2025]’s recommendation that LLM-based measurements require
validation data, we construct a validation set by annotating 500 Danish and 500 English job
postings, employing two native-speaker annotators (one per language). After removing job
postings that were empty or failed quality checks, our final validation set contains 986 job

postings.

2.1 Annotation Interface

Annotators used a web-based interface from Argilla for labeling job postings. The interface

allowed:
1. Viewing the complete job posting text
2. Selecting category labels from dropdown menus
3. Highlighting relevant text spans
4. Adding evidence snippets for each positive classification

5. Quality control flags for ambiguous or problematic postings
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Figure 1: Human Annotation Interface Demo

2.2  Annotation Protocol

The process consisted of two stages: first, annotators identified key terms, phrases, or sen-
tences related to skill and flexibility measures. Then, they labeled the identified text by
selecting the appropriate category names and tagging the corresponding content, similar to
using a marker. To maintain quality, annotators relied solely on domain knowledge and
external source checks (e.g., Google search) for technical term clarifications, excluding Al-
generated suggestions. This approach supported consistent categorization across postings

and yields the human benchmark used to evaluate the LLM optimization strategies.



3 Model Selection Criteria

3.1 Selected LLM Models
We evaluate models from the GPT-4.1 family:
e GPT-4.1: Flagship model, selected for state-of-the-art text understanding capabilities

e GPT-4.1-mini: Cost-effective variant with cost reduction and lower latency while main-

taining comparable performance
e GPT-4.1-nano: Ultra-lightweight option
For open-source alternatives:
e Llama-3.3-70B: Large open-source model enabling on-premise deployment
All models support structured JSON output via response formatting, temperature control
for deterministic outputs, and provide log probabilities for confidence assessment.
3.2 Open-Source vs Closed-Source Model Selection

The choice between open-source and closed-source models depends on data confidentiality

requirements:

e Confidential Data: Use open-source models with local deployment. This includes

administrative data, open-ended survey, and any data subject to privacy regulations.

e Non-Confidential Data: Use closed-source models with API access. This offers conve-

nience and higher performance for publicly available data.

3.3 Model Deployment Considerations

LLMs are transformer-based neural networks that require substantial computational re-
sources. Korinek |2024] provides detailed guidance on the practical aspects of LLM deploy-

ment, comparing API-based approaches with local deployment options and their respective



trade-offs for economic research applications. For public data without privacy constraints,
researchers can access commercial LLM APIs directly. However, when data contain personal
information or protected register records, models must be deployed on local infrastructure
or secure servers. Commercially licensed text follows the terms of its data agreement. The
agreement covering our posting corpus permits processing through external computing ser-
vices.

This deployment constraint makes open-source models important for economic research.
Our finding that the open-source model Llama-3.3-70B achieves comparable base-model
performance provides a locally deployable alternative, easing the trade-off between data
security and classification quality.

Commercial API deployment involves non-trivial costs that scale with dataset size. For
our full empirical application, classifying 4.3 million job postings using GPT-4.1-mini through

batch API totaled $3,447.

4 Keyword Baseline Details

4.1 Methodology

The keyword approach, a foundational text-as-data method in economics, analyzes text by
aggregating words or phrases while disregarding word order. We implement a skill catego-
rization framework using the comprehensive keyword list from densen [2020)|, Hassan ef all
[2025], which builds on Deming and Kaht [Z018]’s selective mapping strategy. Keywords
are manually classified into skill categories or marked as noise, covering most occurrences.
Synonyms from dictionary APIs extend this classification, with API definitions aiding un-
categorized terms. Machine learning techniques further refine the process.

Skill extraction from job descriptions through keyword matching follows a three-stage

process:

1. The text undergoes preprocessing through lowercasing and punctuation removal.



2. The preprocessed text is matched against a predefined keyword list to count skill

mentions.

3. Skill measurement occurs by aggregating category frequencies and compiling matched

keywords for each job posting.

4.2 Limitations

The keyword approach faces two fundamental limitations. First, it suffers from contextual
blindness [Genfzkow efall, 2019, Hassan ef all, 2025]. Since the keyword approach lacks
semantic modeling, it can lead to mis-classification when terms have multiple meanings. For
instance, “leverage” could indicate management skills when used as “leverage your position”
or financial expertise when referring to “leverage ratio analysis.” Second, keyword methods
can also generate false negatives. Job postings express requirements through varied vocab-
ulary, which cannot fully be captured by predefined lists. These limitations motivate our
LLM-based approach, which captures semantic meaning and identifies skills and flexibilities

without being limited to a fixed list of terms.



4.3 Digital Skills Keyword Examples

Table 4: Digital Skills Categories with Bilingual Keyword Examples

Category English Keywords Danish Keywords

Al machine learning, neural networks, maskinleering, neurale
tensorflow, pytorch, artificial intelli- netveerk, kunstig intelli-
gence, deep learning, ml, ai gens

GenAl chatgpt, generative ai, prompt engi- generativ ai, kunstig in-
neering, llm, large language model, telligens
gpt, openai

CRM salesforce, hubspot, crm software, kundeservice system,
customer relationship management  crm

Computer  Sup- it support, cybersecurity, network it support, netveerk,

port administration, technical support, cybersikkerhed, teknisk

Data Analysis

Digital Design

Digital Marketing

Manufacturing
Tech

Productivity

Programming

helpdesk, networking

python, sql, tableau, data analysis,
analytics, statistics, r programming,
excel

ui/ux, adobe suite, figma, photo-
shop, illustrator, graphic design,
web design

seo, google analytics, social media
marketing, digital marketing, sem,

ppc

cne, cad/cam, ples, automation,
manufacturing, machining

microsoft office, project manage-
ment tools, excel, powerpoint, word,

outlook
programming, javascript, react, api
development, software development,
coding

support

dataanalyse, statistik,
excel, python, sql

grafisk design, webde-
sign, adobe, photoshop

digital marketing,
ciale medier, seo, online
marketing

SO-

cnc, automatisering,
produktion, maskiner

microsoft office, excel,
word, powerpoint, pro-
jektledelse

programmering,  soft-
wareudvikling, kodning,
javascript
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4.4  General Skills Examples

Table 5: General Skills Categories with Bilingual Keyword Examples

Category

English Keywords

Danish Keywords

Character Skills

Cognitive Skills

Customer Service

Financial Skills

Management

Social Skills

Writing /Language

organized, reliable, adaptable,
detail-oriented, self-motivated,
proactive

critical thinking, problem-solving,
analytical, decision making, trou-
bleshooting

customer service, client relations,
customer support, client manage-
ment

budgeting, financial analysis,
counting, finance, bookkeeping

ac-

leadership, team management, su-
pervision, project management

communication, teamwork, collabo-
ration, interpersonal, team player

writing, editing, language profi-
ciency, content creation, technical
writing

organiseret, palidelig,
fleksibel, selvmotiveret,
struktureret

problemlgsning,  ana-
lytisk, kritisk teenkning,

fejlfinding

kundeservice, kun-
dekontakt, kundesup-
port, kundebehandling

gkonomi, budgettering,
regnskab, bogfgring, fi-
nansiel analyse

ledelse, teamledelse,
projektledelse, leder-
skab, supervision

kommunikation, team-
work, samarbejde, so-

ciale feerdigheder

skrivning,
sprogfeerdigheder,
kommunikation,
forfattning

tekst-

11



4.5 Workplace Flexibility Examples

Table 6: Workplace Flexibility Categories with Bilingual Keyword Examples

Category

English Keywords

Danish Keywords

Work from Home

Company Hours

Employee Hours

Flexible Tasks

Temporary Work

Part Time

Shift Work

Travelling

remote work, hybrid, telecommut-
ing, work from home, wfh, remote

on-call, rotating shifts, variable
hours, flexible schedule, shift work

flexible hours, self-managed sched-
ule, choose your hours, flexible tim-
ing

varied responsibilities, Cross-
functional, diverse tasks, multiple

duties

contract, seasonal, project-based,
temporary, temp, short-term

part-time, reduced hours, part time,
flexible hours

shift work, night shift, evening shift,
rotating shifts

business travel, field work, travel re-
quired, on-site work

hjemmearbejde, remote
arbejde, fleksibel arbe-
jdsplads

skiftarbejde,  fleksible
timer, varierende arbe-
jdstid

fleksible  arbejdstider,

selvbestemt arbejdstid,
fri tilretteleeggelse

varierende
forskellige
rader, alsidige opgaver

opgaver,
ansvarsom-

kontrakt,
projekt,
vikar

deltid,  deltidsstilling,
reducerede timer

skiftarbejde, natar-
bejde, aftenarbejde,
weekendarbejde

midlertidig,
seesonarbejde,

rejsearbejde,  feltarbe-
jde, kgrsel, udstationer-
ing

5 LLM Implementation Details

5.1 Human-in-the-Loop Framework

Figure B illustrates our systematic approach for extracting economic variables from unstruc-
tured text, which combines human expertise with LLM capabilities through an iterative
refinement process. The framework begins with a data classification decision (Step A) to
determine whether to use open-source models with local deployment or closed-source models

via API access, depending on data confidentiality requirements. After selecting the appro-
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priate LLM (Step B), we construct a human annotation set to establish ground truth (Step
C). In Step D, we send prompts to the Al and parse the cleaned output, then compare the
AT results against human annotations. The critical innovation lies in the evaluation loop: if
the LLM’s performance is acceptable, the process completes. Otherwise, we employ three
parallel optimization strategies: revising prompt structures, adjusting confidence thresholds
based on false positive and negative analysis, and fine-tuning the model using validation data.
This iterative approach ensures that our extraction method achieves satisfactory accuracy

while maintaining scalability across different data sensitivity contexts.

Step A: ‘ Data Classification ’

Decision
Confidential)
Data

=
. Open-Source Model
Step B: { (Local ’

Deployment)

Ac
\‘—ﬁ . T’

Step C:

Vv

Construct Human
Annotation Set

v

‘ Send Prompt to Al ’
i

Step D: Parse and Clean
Output

|

Compare Al Results
with Human Annotations

Model Improvement:
« Prompt Revision
* Confidence Tuning
* Model Finetuning

Figure 2: Human-in-the-Loop Framework for LLM-Based Multi-label Classification

5.2  Model Configuration and Structured Output

We implement both configurations: OpenAl models are accessed through their API, while
open-source models are deployed locally on NVIDIA H100 GPUs. We configure the models

with three settings:

1. We set temperature to 0, which means the model produces the least random outcomes

when given the same input, minimizing randomness from predictions.
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2. We enable the structured output function, which forces the model to return results in
a format where each of the 25 categories receives a binary classification (1 for present,

0 for absent).

3. We enable log probabilities, which are numerical scores that indicate how confident the
model is about each prediction. These confidence scores allow us to identify predictions

where the model is uncertain, which we use later to improve classification accuracy.

5.3 Complete Base Prompt Text

Our baseline prompt employs a three-component structure for skill and flexibility measure-
ment extraction. The prompt begins with task instructions specifying the dual objective of
identifying required job skills and workplace flexibility arrangements. The core input section
presents the complete job description text. The output specification mandates a structured
JSON response format containing 27 binary classification categories (the 25 substantive cat-
egories plus the two residual bins) and a posting-validity flag. The prompt closes with
the natural-language category definitions and example terms that also guided the human

annotators.

Analyze this job posting to identify required skills and

workplace flexibility options.

Job Description:

{job_description}

Return JSON:
{
"skills": {
"AI": [1/0, "evidence"],
"GenAl": [1/0, "evidence"],

"CRM": [1/0, "evidence"],

14



I

"computerSupportAndNetworking": [1/0, "evidence"],
"dataAnalysis": [1/0, "evidence"],

"digitalDesign": [1/0, "evidence"],

"digitalMarketing": [1/0, "evidence"],
"machiningAndManufacturingTechnology": [1/0, "evidence"],
"productivity": [1/0, "evidence"],
"programmingAndSoftwareDevelopment": [1/0, "evidence"],
"characterSkills": [1/0, "evidence"],
"cognitiveSkills": [1/0, "evidence"],
"customerService": [1/0, "evidence"],
"financialSkills": [1/0, "evidence"],
"managementSkills": [1/0, "evidence"],

"socialSkills": [1/0, "evidence"],
"writingAndLanguage": [1/0, "evidence"],

"otherSkills": [1/0, "evidence"]

"flexibility": {

}’

"wfhOptions": [1/0, "evidence"],
"flexibilityHoursCompany": [1/0, "evidence"],
"flexibilityHoursEmployee": [1/0, "evidence"],
"flexibleTasks": [1/0, "evidence"],
"temporary": [1/0, "evidence"],

"partTime": [1/0, "evidence"],

"shiftwWork": [1/0, "evidence"],

"travelling": [1/0, "evidence"],

"otherFlex": [1/0, "evidence"]

"valid": [1/0, "reason if 0"]

15



Category Definitions:

Skills:

- AI: "machine learning", "neural networks", "TensorFlow",
"PyTorch"

- GenAI: "ChatGPT", '"generative AI", "prompt engineering", "LLM"

- CRM: "Salesforce", "HubSpot", "CRM software"

- computerSupportAndNetworking: "IT support", "cybersecurity",

"network administration"
- dataAnalysis: "Python", "SQL", "Tableau", "data analysis"
- digitalDesign: "UI/UX", "Adobe Suite", "Figma"
- digitalMarketing: "SEO", "Google Analytics",

"social media marketing"

- machiningAndManufacturingTechnology: "CNC", "CAD/CAM", "PLCs",
"automation"

- productivity: "Microsoft Office", "project management tools"

- programmingAndSoftwareDevelopment: "programming", "JavaScript",
"React", "API development"

- characterSkills: "organized", "reliable", "adaptable"

- cognitiveSkills: "critical thinking", "problem-solving"

- customerService: "customer service", "client relations"

- financialSkills: "budgeting", "financial analysis", "accounting"

- managementSkills: "leadership", "team management"

- socialSkills: "communication", "teamwork"

- writingAndLanguage: "writing", "editing", "language proficiency"

- otherSkills: Other skills not listed above

Workplace Flexibility:
- wfhOptions: "remote work", "hybrid", "telecommuting"

- flexibilityHoursCompany: Company controls schedule flexibility.

16



Examples: "on-call", "rotating shifts", "variable hours"
- flexibilityHoursEmployee: Employee controls their own schedule.
Examples: "flexible hours", "self-managed schedule",

"choose your hours"

- flexibleTasks: "varied responsibilities", "cross-functional"
- temporary: "contract", "seasonal", "project-based"
- partTime: "part-time", "reduced hours"

- shiftWork: "shift work", "night shift"
- travelling: "business travel", "field work"

- otherFlex: Other flexibility arrangements

Validation:

- valid: Set to 0 if not a job posting

Instructions:
- Return 1 if present, 0 if not
- Include key evidence phrases when found

- Set "valid" to 0 if not a job posting

6 Prompt Engineering Strategies

We evaluate four prompt strategies designed to test different aspects of LLM classification

behavior:

17



Table 7: Prompt Engineering Strategies

Strategy Description

Binary Direct 0/1 prediction for each category.

Binary with Evidence 0/1 prediction with supporting text snippets, enabling

(Baseline) intensity measures.

Occurrence count Extract category mentions instead of binary decisions,
approximating human annotation.

Two-shot Separate skill and flexibility classifications into distinct

API calls to reduce task complexity.

Binary classification provides the simplest baseline by requesting 1/0 decisions for each
category. Binary classification with evidence extends this by requiring supporting text snip-
pets, enabling construction of within-category intensity measures from extracted phrases.
Occurrence-based scoring asks models to extract category mentions rather than make binary
decisions, attempting to replicate human annotation behavior. Two-shot decomposition sep-
arates skills and flexibility classifications into distinct API calls, examining whether reducing
task complexity through decomposition improves performance or whether the integrated na-
ture of job postings makes joint classification more effective.

The minimal performance differences across strategies indicate that prompt complexity
has limited impact on classification outcomes. Binary classification achieves accuracy of 0.860
and macro F1 of 0.675, while the two-shot approach reaches nearly identical scores at 0.859
accuracy and 0.675 macro F1 despite doubling API calls. Binary classification with evidence
shows slightly lower performance at 0.853 accuracy and 0.671 macro F1. Occurrence counting
performs worst with 0.827 accuracy and 0.639 macro F1, indicating that occurrence-based
approaches mis-align with the binary classification task. This paper adopts the binary clas-
sification with evidence strategy as the default approach to enable within-category intensity

measurement through extracted text phrases.
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7 Log Probability and Threshold Tuning

7.1 Confidence-Error Relationship

LLMs provide log probabilities representing token generation likelihood. [vanaova ef all 2024,
Kaut et all [2024] demonstrate that log probability scores measure model confidence and
align predictions with human judgments. Values closer to zero indicate higher confidence.
We use these scores to improve accuracy by filtering uncertain predictions through category-
specific confidence thresholds that convert low-confidence positive predictions to negative
ones, reducing false positives.

Our use of log probabilities to filter uncertain predictions also builds on Ma ef all [2025]’s
analysis of LLM multi-label mechanisms, which shows that models exhibit spiky distributions
with each step strongly favoring single labels. Their finding that relative label rankings
poorly predict subsequent predictions motivates our category-specific threshold approach.

The calibration and per-category disagreement evidence for the deployed classifier is
reported in Figure 3 of the main text, computed from the prediction-level record described

there.

7.2 Threshold Tuning Method

Based on the finding that model confidence correlates with classification errors, we develop a
confidence-based threshold tuning method that exploits this relationship to improve measure-
ment accuracy without additional training. Rather than accepting all positive predictions at
face value, our method establishes category-specific confidence thresholds using log probabil-
ities, converting uncertain positive predictions to negative classifications. This asymmetric
treatment directly addresses the false positive problem that dominates classification errors.
Thresholds are selected per category by three-fold cross-validated grid search over 30 candi-
date cutoffs spanning the 5th to 95th percentile of the confidence distribution, choosing the
cutoff that minimizes held-out human-Al disagreement (equivalently, maximizes accuracy).

The economic significance extends beyond performance metrics: threshold tuning enables
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researchers to calibrate measurement instruments for specific research objectives, prioritizing
precision or recall. Categories with baseline error rates, such as flexible tasks and cognitive
skills, show disagreement reductions exceeding 20 percentage points through threshold ad-

justment.

8 Fine-tuning Details

8.1 Overview

Fine-tuning LLMs adapts pre-trained language models to specific tasks by updating their
internal neural network weights through additional training data [Howard and Ruder, POTR|.
Unlike the base model trained on general text, fine-tuning adjusts the model’s parameters to
optimize performance for the target classification task. This process preserves the model’s

general language understanding while specializing its outputs for job posting classification.

8.2 Training Data Structure

The training data structure follows a format that mirrors human annotation practices. Each
training example consists of an input-output pair where the input contains the complete
job posting text followed by a template specification for each skill category, formatted as
placeholder brackets indicating the expected output structure. The corresponding output
contains the actual human annotations, with binary classifications (0 or 1) paired with
evidence text extracted directly by human annotators when a skill is present. For instance,
when annotators identify CRM skills in a posting, the output records both the positive
classification and the specific text fragment supporting this judgment, such as “CRM ERP”

or “Salesforce experience required.”

8.3 Implementation

We fine-tune the model gpt-4.1-2025-04-14 through OpenAl’s API. The training process

employs three-fold cross-validation, with each fold using approximately 657 postings for

20



training and 329 for testing.

Implementation complexity varies significantly between deployment methods:

e Commercial API fine-tuning through OpenAl requires only data formatting and API

calls, completing training in approximately 2 hours per model.

e Open-source fine-tuning demands substantially more resources: configuring training
infrastructure, managing GPU memory allocation, implementing gradient accumula-

tion strategies, and monitoring convergence.

These technical requirements and computational costs make API-based fine-tuning more
accessible for most research applications in the field of economics, though open-source alter-

natives remain necessary for sensitive and confidential data.

8.4 Model Improvement Techniques Summary

When base model performance is insufficient, we employ three parallel optimization strate-
gies:

1. Prompt Revision: Iterative refinement of prompt structure and instructions to improve

task clarity

2. Confidence Tuning: Threshold adjustment using log probability analysis to reduce false

positives

3. Model Fine-tuning: Training specialized models on domain-specific annotated data

The choice among these techniques involves trade-offs between implementation complex-
ity, computational cost, and expected performance gains. Prompt revision is cheapest but
offers limited gains. Confidence tuning requires no additional training but works primarily
for false-positive-dominated errors. Fine-tuning offers the largest performance improvements

but requires substantial annotated data and computational resources.
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9 Confidence as an Error Detector

The confidence scores used for recalibration also serve as an audit signal. On the validation
set, confidence ranks classification disagreement with an AUC of 0.80. Auditing the least-
confident 20% of predictions uncovers 50% of all errors, and restricting to the most-confident
half of predictions raises accuracy from 0.85 to 0.97. Across the 25 substantive categories,
mean confidence rank-orders eventual human-Al disagreement with a Spearman correlation
of —0.92, allowing researchers to allocate annotation budgets to the categories that need

validation before any labels are collected.
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