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Our Paper (in One Slide)

• Human assignment of 
labor codes is time-
consuming and 
unreliable

• LLMs improve 
performance at low cost 

• This can hasten statistical 
production and improve 
our understanding of the 
labor force composition

• Scalability is possible and 
desirable 
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Figure 1: LLMs outperform human enumerators on labor force classification task. 
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Road Map

Implications and Next 
Steps

LLM ResultsLLM MethodologyExisting Human 
Classification 



Labour Force Survey (LFS) Context

• Household-based sample survey 
administered by the Zambia Statistics 
Agency (ZamStats) in partnership with 
the Ministry of Labour and Social Security 
(MLSS) 

• 10,400 households interviewed by 
enumerators annually 

• Face-to-face interviews quarterly 
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Source: Coauthor Rory Hardie with LFS Enumerators 



Labour Force Survey (LFS) Context 

• Core component: ‘Characteristics of the Main Job’ module to identify occupation and 
industry 

 Occupation: In his/her main job/business, what kind of work does (NAME) usually do? 
(Write occupation title, if any, and main duties and tasks)

 Industry: In (NAME) workplace what kind of business/activity is mainly carried out? (Write 
name of establishment, if any, and main activity, goods, or services)

• Enumerators use to assign four-digit International Standard Classification of Occupations 
(ISCO) and the International Standard Industrial Classification (ISIC) codes 

• ISCO describes job, while ISIC describes industry
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Example Classification 

• Recorded observations to 
main work and business 
activity 

• D1_TITLE: Subsistence 
Crop Farmer

• D1_DESC: Subsistence 
Crop Farmer Growing of 
Maize

• D2_MAIN_ACTIVITIES: 
Subsistence Crop Farmer 
Growing Crops for Sale 
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Table 1: Classification example. 



Classification Challenges 

• Existing challenges:
 Complex codes: 436 ISCO  

and 419 ISIC, codebooks > 
300 pages.

 Description detail: time 
constraints reduce 
description detail.

 Spelling errors: misspelled 
keywords prevent correct 
retrieval.
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Figure 2: Granularity of classification categories. 



LLM Task and Dataset 

• Task: LLM interprets free-text 
descriptions and return ISCO or ISIC 
classification (sequential), return 
JSON containing code  

• Dataset: 1,000 observations 
labelled by Zambia Statistics Agency 
LFS team 

• Ground truth codes independent of 
enumerator classifications 
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Figure 3: Comparison groups. 



LLM Methodology

• RAG uses semantic similarity to reduce cost and input load 

• Few-shot prompting adds Zambian context 

• LLM classifies based on main prompt and examples (seven leading LLMs) 
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Figure 4: Methodology. 



Few-Shot Prompting and Zambia Knowledge 
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Scoring and Assumptions

• Exact and partial match 

• Assumption: ISCO and ISIC codes are correctly assigned (ground truth)

• Assumption: sample is representative (internal and external validity)

• Assumption: ISCO and ISIC codes capture Zambia’s occupational and industry diversity 
(informal sector)   

• Assumptions determine benchmark validity (Alaa et al., 2025): does the test capture the real-
world phenomenon 
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LLMs outperform human enumerators at every level of code granularity

Results: Partial Scoring 

Figure 5: Comparison of GPT-5 Nano, the most cost-effective model, against enumerators across all digits. All results are statistically significant at the 99.9 percent confidence level. 
Error bars are omitted as confidence intervals are only informative on the pairwise difference between the LLMs and enumerators, rather than on the individual proportions. 



LLM Results (ISCO) 
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LLM Results (ISIC) 
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Cost Implications

• Cheaper models exhibit 
frontier performance

• With GPT-5 Nano, LFS for 
under $10 annually given 
typical labor participation
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Figure 6: Cost against performance comparison (log scale). 

Table 4: LLM costs per 1,000 classifications 



Statistical Implications

• Time savings for 
national statistics 
agencies (43 working 
days if 1 minute per 
code) 

• Speed up statistical 
production 

• Improved sectoral
understanding 
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Figure 7: Occupation shares in 2022 LFS. All differences are statistically significant for p < 0.05. 
Confidence intervals are omitted as they are based on the pairwise difference between 
GPT-5 mini and enumerators rather than the individual proportions. 



Scalability 

• Graphical User Interface (GUI) for 
no code implementation 

• Scalability in Zambia: Census
data (4 million households, LLM 
cost $4,250) 

• Scalability elsewhere: national 
labor surveys with local context 
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Figure 8: GUI developed by IGC for Zambia Statistics Agency implementation. 



Limitations

• Limited scope: Zambian LFS (generalizability) 

• Sample size: too small for statistically significant differences between LLMs 

• Ground truth data: possible errors and lack of inter-annotator agreement to measure reliability

• Developing gold standard with multiple human annotators and larger sample  
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Conclusion

• LLM-based methods significantly outperform human enumerators (up to 17.1 percentage points 
on exact match) 

• Cost-effectiveness as low as $1.07 per 1,000 records and $10 annually 

• Hastens statistical production and improves understanding of labor force composition 

• Scalability to Census, other countries with GUI and local context 
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