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LLMs outperform outsourced
human coders on complex textual
analysis

Vicente J. Bermejo'"**, Andrés Gago?*, Ramiro H. Galvez%* & Nicolas Harari**

This paper evaluates the effectiveness of large language models (LLMs) in extracting complex
information from text data. Using a corpus of Spanish news articles, we compare how accurately
various LLMs and outsourced human coders reproduce expert annotations on five natural language
processing tasks, ranging from named entity recognition to identifying nuanced political criticism in
news articles. We find that LLMs consistently outperform outsourced human coders, particularly in
tasks requiring deep contextual understanding. These findings suggest that current LLM technology
offers researchers without programming expertise a cost-effective alternative for sophisticated text
analysis.

Text data has become increasingly relevant in social and behavioral sciences research!?, enabling the study of
phenomena that are challenging to capture using traditional structured, tabular data®. However, while analyzing
large volumes of text holds significant potential, processing such data at scale presents considerable challenges?.
In response, researchers have developed several approaches, each with distinct advantages and limitations.

A first approach involves human readers manually coding text content. Within this framework, researchers
typically consider two alternatives. One alternative is to employ highly skilled annotators, whose work can
produce annotations of exceptional quality and is often regarded as the gold standard®. However, this strategy
quickly becomes impractical for large-scale corpora due to the substantial time and financial costs it entails™®.
Another alternative is to outsource coding tasks to a large number of less specialized annotators, often through
crowdsourcing. While this significantly reduces costs and turnaround time, it typically results in noisier and less
consistent labels compared to expert annotation’~’.

A second approach involves dictionary-based methods, which analyze text by counting the frequency of
words drawn from predefined lexical categories!?!2. While substantially more scalable than manual annotation,
these methods often lack the accuracy of human-coded data and frequently require manual validation of
results'>!. Moreover, the effectiveness of these approaches is typically restricted to straightforward natural
language processing (NLP) tasks, such as categorizing the sentiment of a text or determining whether it covers
a particular topic—cases where predefined word categories may align well with the concepts being measured.
Alternatively, a third approach relies on supervised machine learning (SML) methods—that is, models trained
on data that have been manually labeled with the correct answers, such as BERT-like models'®. This approach
overcomes many of the limitations of dictionary methods and can perform more complex linguistic tasks, but it
introduces two important drawbacks: these models generally require a high level of coding proficiency and they
depend on manually annotated training data'®. Importantly, if multiple NLP tasks are to be performed, separate
labeled datasets must be created and distinct models trained for each task, creating substantial barriers for social
and behavioral scientists.

With the recent development of generative large language models (LLMs) used as zero-shot learners, a novel
way of approaching text analysis has emerged!”. LLMs are a form of generative artificial intelligence (AI), based
on deep neural networks trained on vast text corpora. These models are capable of generating, interpreting,
and reasoning over natural language. In the context of NLP, zero-shot learning refers to a model’s ability to
perform tasks for which it has received no explicit training, relying entirely on broad pre-trained knowledge
rather than task-specific examples. This capability allows LLMs to generalize across a wide range of linguistic
contexts without the need for fine-tuning on curated datasets for each new task'®—a key limitation of traditional
SML approaches.

Building on these developments, this study evaluates the potential of LLMs as a substitute for outsourced
human coders in applied social science research. Our evaluation is based on a corpus of 210 Spanish-
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language news articles, randomly sampled from the articles analyzed in'®, which document a nationwide fiscal
consolidation program affecting over 3,000 Spanish municipalities. Each article was first annotated by expert
coders through a careful, deliberative process to produce gold standard labels for five tasks requiring deep
semantic and contextual understanding: (T1) listing all municipalities mentioned in the article; (T2) indicating
the total number of municipalities mentioned; (T3) determining whether the article contains criticism of
municipal performance; (T4) identifying the source of the criticism, if any; and (T5) identifying the specific
target of the criticism, if any (see Section "High-skill coders (gold standard labels)"). We then benchmarked the
performance of two alternative annotation strategies—generative LLMs and outsourced human coders—against
these expert labels. For the LLMs, we submitted zero-shot API prompts to four models—GPT-3.5-turbo, GPT-
4-turbo, Claude 3 Opus, and Claude 3.5 Sonnet—tasking each with completing the five annotation tasks. For
the human coders, we recruited students from a Spanish university to perform the same tasks in an incentivized
online study. Finally, we assessed how closely the outputs from both LLMs and outsourced coders aligned with
the expert annotations, enabling a comprehensive comparison of machine and outsourced human performance
on complex text analysis tasks.

Results reveal a substantial performance gap between LLMs and outsourced human coders in their ability
to replicate our set of gold standard labels. Although outsourced human coders performed significantly above
chance across all tasks, LLMs consistently outperformed them on every metric. This advantage is so marked
that LLMs achieve better results on complex, lengthy articles than outsourced annotators do on simpler,
shorter ones (see Section "High-skill coders (gold standard labels)" for details on our criteria for classifying an
article as “difficult” for a given task). Notably, even when restricting the comparison to outsourced annotators
whose competence is above the median—representing our “best” outsourced annotators—LLMs continue to
outperform them. These performance gains are especially marked for the most advanced LLMs, which achieve
higher accuracy than earlier models, suggesting that further improvements may yield even more accurate and
nuanced text analysis capabilities. Moreover, we find that LLM outputs exhibit considerably higher internal
consistency compared to those of outsourced annotators.

Our findings indicate that generative LLMs, used in a zero-shot setting, represent a strong alternative to
outsourced coders for extracting complex information from text data. Importantly, their strong performance
is achieved through simple API calls, without the need for advanced coding skills or manually labeled training
data. As such, LLMs constitute a powerful tool for researchers, opening new possibilities for large-scale and
nuanced text analysis.

Related work

In recent years, the growing availability and diversity of text data have enabled researchers to explore an
unprecedented range of topics. For instance, social media content has been analyzed to study emotional
contagion?, inflation expectations?!, and various aspects of electoral behavior and political polarization?>%3.
Building on the narrative approach pioneered by, researchers have leveraged central bank communications
and government statements to conduct causal analyses within macroeconomic general equilibrium models?*?’.
Legislative records, such as floor speeches and committee hearings, have been analyzed to understand political
processes?3, while media content, including movie scripts and subtitles, has been used to study social
phenomena like gender stereotypes® 3%,

Among the various sources of textual data, news articles have attracted particular attention in the social
sciences, serving both as subjects of analysis®®>¢ and as instruments for understanding broader social and
political phenomena. News content has been employed to evaluate policy impacts®”-*%, investigate the effects of
bank runs®’, understand how expectations influence diverse outcomes?®*!, and enhance economic forecasting®2.
Prior research has also shown that media coverage can influence political outcomes and government decision-
making?>*, as well as improve the predictability of stock market prices**¢. Given their richness and
complexity—which often require nuanced and context-sensitive interpretation—in this study we use news
articles to benchmark the performance of both LLMs and outsourced human coders on challenging NLP tasks
(see Section "News articles sample").

This paper contributes to the growing literature evaluating the capabilities of LLMs across diverse tasks
Within this broader context, an increasingly active line of research benchmarks LLMs against human annotators
on NLP tasks, assessing their performance across domains, languages, and task types. Table 1 provides a
comprehensive overview of recent studies in this area, highlighting the diversity of applications, model
configurations, and types of human baselines.

As shown in Table 1, the study most closely aligned with ours is'®, which evaluates GPT-3.5-turbo on English-
language content moderation tasks involving tweets and short news excerpts. The authors find that the model
outperforms crowd workers by approximately 25 percentage points across several classification categories,
with substantially higher inter-coder agreement and a per-annotation cost roughly thirty times lower. Several
subsequent studies listed in Table 1 confirm that frontier LLMs can rival or exceed human performance in tasks
such as sentiment analysis, stance detection, political affiliation classification, and medical annotation.

Our study expands the scope of this emerging literature along five important dimensions. First, we evaluate
a broader range of NLP tasks, including named-entity recognition (NER), entity counting, and identification
of nuanced relationships between entities. This structured extraction tasks have not been systematically
benchmarked against human coders in prior LLM evaluations. Second, we focus on problems that require
extensive contextual and domain-specific knowledge. For example, determining whether an article criticizes the
municipal government of Barcelona (T3) may involve distinguishing between references to the city government
(Ajuntament) and the provincial administration (Diputacié). This distinction often requires identifying the
political actors that are mentioned, or having knowledge of who has certain institutional responsibilities. Third,
unlike most studies in Table 1, which rely on short-form content such as tweets or snippets, our benchmark is
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Table 1. Overview of studies benchmarking LLMs against human annotators.

based on full-length news articles. This introduces additional challenges related to document structure, discourse
coherence, and long-range dependencies. Fourth, our corpus adds both linguistic and topical diversity by focusing
on Spanish-language texts related to fiscal policy—an underrepresented setting in existing benchmarks, which
primarily analyze English-language content. Finally, we adopt a more rigorous human baseline by comparing
LLM outputs to annotations provided by context-aware, well-educated, incentivized coders, rather than relying
on anonymous crowdsourced workers. Together, these contributions allow our study to complement and extend
the growing body of work evaluating LLMs in applied social science settings.

Materials and methods

News articles sample

News articles provide an ideal document type for benchmarking LLM performance on complex text analysis
tasks. They are typically information-rich, substantial in length, and often require contextual and domain-specific
knowledge for accurate interpretation. In this study, we analyze a subset of articles from the corpus compiled
by!®, focusing on news reports that reference Spanish municipalities and the Supplier Payment Program.
Launched by the Spanish government in 2012, this program sought to address the severe municipal arrears that
had accumulated following the 2008-2009 financial crisis. During this period, local and regional governments
amassed billions of euros in unpaid debts to private suppliers. The program enabled more than 130,000 affected
firms to receive payment—via the state-owned Official Credit Institute—for outstanding invoices issued before
2012, ultimately covering over €30 billion in arrears.

The corpus compiled by'® comprises 24,134 articles retrieved from Factiva, an international news database
produced by Dow Jones that aggregates content from over 30,000 sources across more than 200 countries. The
retrieval filters selected articles written in Spanish or Catalan, published between 2011 and 2013, that referenced
both Spanish municipalities and the Supplier Payment Program. For each article, Factiva provides its title, a
snippet (a brief extract or summary of the article’s content), and its main text. For further details on the selection
process, refer to Appendix A.1.

For the current study, we sampled 210 Spanish-written news articles from the!® corpus. Before drawing our
sample of 210 articles, we excluded 330 articles that exceeded GPT-3.5-turbo’s maximum token limit of 4,097
tokens. This threshold affected only 1.5% of the articles from the original sample. Additionally, we removed 53
articles for which GPT-3.5-turbo encountered an error (typically a timeout) during the analysis conducted by
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the authors in'. If a sampled article was written in Catalan, classified as a commentary, or deemed excessively
short, it was replaced in our study through resampling. Our final sample represents approximately 1% of the
articles considered in'® and constitutes a sample size manageable for annotation by human coders. In Appendix
A.2, we provide one article as an example. The average article length in our subsample is 508.14 words, with the
10", 50", and 90" percentiles being 185.7, 478, and 887.3 words respectively.

Tasks description
In this article, we analyze the same five tasks introduced in'®, which we briefly summarize below (see Appendix B.1
for detailed descriptions):

 T1: List the names of all the municipalities mentioned in the article.

« T2:Indicate how many municipalities are mentioned.

o T3: Specify whether the municipal government is criticized in the article.

o T4: If any criticisms are present, specify their source by selecting from a predefined list of seven options (plus
a “not sure” option).

o T5: If any criticisms are present, specify their target by selecting from a predefined list of eight options (plus
a “not sure” option).

Note that each successive task involves increasing complexity and demands greater contextual knowledge for
accurate completion. The first two tasks are closely related: T1 requires identifying municipalities mentioned
in the text—a form of NER—while T2 involves counting these identified municipalities (entity counting). T3
requires not only understanding the text but also forming a judgment about its content. Since it involves a simple
“yes” or “no” response, it can be interpreted as a binary classification task in the broader context of NLP.

T4 and T5 represent the most complex tasks in our framework, as they require inferring both the source and
the target of criticisms, when present. Notably, an article may mention only the name of the individual issuing
the criticism, and determining, for instance, whether it originates from the opposition requires recognizing
that the individual belongs to a party opposing the one being criticized—an inference that depends heavily
on contextual and domain-specific knowledge. These tasks are also distinctive in allowing for multiple correct
responses: an article may feature criticisms from several actors, making more than one option valid. For example,
in T4, a councilor from the ruling party may be issuing the criticism and be named with their party affiliation
explicitly stated, in which case option 2 is correct and must be accompanied by either option 4 or option 5 (see
Appendix B.1). In NLP, such problems are typically treated as multi-label classification tasks, where a single
document may be assigned multiple labels. Section "Performance metrics" details the performance metrics used
to evaluate tagging accuracy across all tasks.

Coding strategies

In this section, we outline the methods used to carry out the tasks described above. This study complies with
all ethical and informed consent requirements. It received full approval from the ESADE Research Ethics
Committee due to the involvement of human subjects. All research involving human participants was performed
in accordance with the relevant guidelines and regulations, including the Declaration of Helsinki. Informed
consent was obtained from all participants.

High-skill coders (gold standard labels)

To benchmark the performance of LLMs and outsourced human coders on the tasks described above, we first
construct a set of annotations to serve as our gold standard. Following the recommendations of*, we define these
gold standard labels as those produced by highly skilled coders. Throughout the coding process, we implemented
rigorous quality assurance procedures to ensure consistency and reliability, as described in detail below.

First, all authors collaboratively reviewed each task and reached consensus on what should be considered
the correct answer. All authors hold graduate or postgraduate training in topics relevant to the articles, and two
were born and raised in Spain, providing strong contextual knowledge of the linguistic and political setting.
Second, one author carefully read all 210 news articles and completed all five tasks for each article, generating
an initial set of annotations. Third, each article—along with its initial annotations—was independently reviewed
either by a trained research assistant (RA) or by a second author. To ensure reliability, more complex articles
were deliberately assigned to authors rather than the RA. Fourth, the assigned reviewer read the article in full
and independently completed the same set of tasks. In most cases, the second round of annotations confirmed
the original responses, which were then retained as final. However, in cases where the two coders disagreed,
additional authors reviewed the article and deliberated until consensus was reached—either confirming the
original label or establishing a new one.

Inter-coder agreement—measured as the percentage of exact matches between the second tagger and the
initial tagging—was consistently high across all tasks: 83.8% for T1, 81.9% for T2, 91.4% for T3, and 84.3% for
both T4 and T5. For T4 and T5, agreement dropped to 72.7% when considering only articles where the municipal
government was criticized (i.e., when T3 was coded as “yes”), suggesting these tasks were more challenging than
the first three. Nevertheless, all results exceeded the 70% agreement threshold commonly considered acceptable
in the literature®, indicating that the initial tagging already met satisfactory quality standards. Appendix B.2
provides descriptive statistics of the final answers for each task.

LLMs as coders
To assess the performance of LLMs on the proposed tasks, we employed several state-of-the-art commercial
models from two leading companies in the field. Specifically, we used two models developed by OpenAI and two
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by Anthropic. From OpenAl, we included GPT-3.5-turbo, which powered the free tier of ChatGPT at the time
of our analysis, and GPT-4-turbo, the company’s most advanced model at that time. From Anthropic, we used
Claude 3 Opus and Claude 3.5 Sonnet—the two highest-performing models the company offered during our
evaluation period—with the latter considered the more capable of the two.

For each model, we issued two independent API calls per news article, resulting in a total of 1,680 calls
(210 news articles x 4 models x 2 calls per article per model). In each call, the model was asked to complete
all five tasks using a standardized prompt. In addition to this task-specific prompt in Spanish, the LLMs were
also provided with the following system prompt: “Usted es un asistente de investigacion.” (English translation:
“You are a research assistant”). A system prompt is an instruction that sets the model’s general behavior or
persona throughout the session, independently of the specific task. Below, we provide an English translation
of the task-specific prompt (the original Spanish version is available in Appendix B.3). During each call, the
article under analysis was embedded within < News > and < /News > tags. All API calls were made with
the “temperature” parameter set to 0 to encourage deterministic behavior. Because this setting does not fully
eliminate variability®”3, we assess and compare each model’s internal consistency across repeated trials (see
Section "Internal consistency").

Your task is to read a news article and answer questions about its
content.

Provide your answer as a Python dictionary structured as follows:

{ Q1: answer to question 1, Q2: answer to question?2, ...}

Do not add any additional explanation to your answer.

Do not leave any question unanswered.

< News > HERE THE NEWS IS INSERTED < /News >

Ql: List all municipality names mentioned in the news, separated by
a comma. If no municipality is mentioned, answer ’'0’. If you are unsure,
answer '99'.

Q2: How many municipality names are mentioned in the news? If you are
unsure, answer ‘99’7,

Q3: In this news, is the municipal management criticised? If the answer
is yes, respond with ’"1’. If the answer is no, respond with "0’. If you are
unsure, respond with "997.

Q4: In this news, who issues the criticism? Please select one of
the following alternatives: If the criticism was made by an opposition
councillor, answer ’'1’. If the criticism was made by a councillor from the
governing party, answer ‘2’ . If the criticism was made by the mayor, answer
"3"”. If the criticism was made by the Partido Popular (PP), answer ’4’.
If the criticism was made by the Partido Socialista (PSOE), answer ’5’.
If there is no criticism of the municipal management, answer '0’. If your
answer does not fit into any of the above categories, answer ’'98’. If you
are unsure, answer ’99’.

Q5: In this news, who is the target of the criticism? Please select
one of the following alternatives: If the current municipal government is
criticised, answer ’1’. If the previous municipal government is criticised,
answer ’2’. If the national government is criticised, answer ’3’. If the
municipal opposition is criticised, answer ’"4’. If the Partido Popular (PP)
is criticised, answer ’'5’. If the Partido Socialista (PSOE) is criticised,
answer '6’. If there is no criticism, answer ’'0’. If your answer does not
fit into any of the above categories, answer ’98’. If you are unsure, answer
99”7 .

We spent US$0.20 to obtain all answers from GPT-3.5 (April 2024), US$3.46 from GPT-4 (April 2024),
US$8.53 from Claude 3 Opus (June 2024), and US$2.28 from Claude 3.5 Sonnet (July 2024). In each case, the full
set of responses was returned within minutes. For comparison,'? processed nearly 22,000 news articles in under
two days using GPT-3.5-turbo at a total cost of US$96 (October 2023).

Importantly, for tasks T4 and T5—which may have multiple valid answers—we instructed the LLMs to
provide a single response encoded as an integer. This design choice was motivated by both conceptual and
practical considerations. Conceptually, it aligns with the objective in'®, where the goal was to determine whether
the source or target of criticism was affiliated with the ruling or opposition party in the specific municipality
mentioned in the article. In that setting, identifying the politically relevant actor by one of its tags was sufficient
for downstream classification (e.g., in a municipality ruled by PSOE, either knowing that it was from PSOE
or that it was from the municipal government was enough). Practically, our preliminary experiments showed
that LLMs generated more accurate and syntactically valid outputs—with fewer formatting errors and greater
consistency—when restricted to producing a single answer, rather than a full set of labels. Models were also more
likely to follow the prompt structure correctly and less likely to fail in returning a valid Python dictionary under
this constraint (prompt sensitivity is further analyzed in Section "Prompt sensitivity").

Outsourced human coders

To evaluate the performance of LLMs against more traditional, less scalable, and typically more expensive
alternatives, we conducted an online study involving human coders. Participants were students from ESADE, a
Spanish university located in Barcelona, Catalonia, who collectively completed the same set of 210 news articles.
This approach—commonly referred to as crowdsourcing, in which input is collected from a distributed group
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of individuals, often via online platforms—has been validated in prior research as a reliable method for text
annotation®.

Students completed the study online using Qualtrics, a web-based software platform for creating surveys and
collecting data. Each participant was asked to read three news articles and to complete the five associated tasks
while reading each of them. To maintain parallelism with what we requested from the LLMs, Qualtrics only
allowed a single answer for T4 and T5.

Our initial goal was to have each article read by two students, targeting a total of 140 participants. Recruitment
was conducted via an open online platform accessible to all ESADE students, with participants receiving
course credit for their involvement (see Appendix Figure D1). To ensure response quality and reliability, the
questionnaire included two attention check questions with clear, correct answers, explicitly communicated
to students®. At the start of the survey, students were informed that failing these checks could result in no
course credit. Additionally, per ESADE’s course credit policy, students understood that incomplete participation
(i.e., not answering all three news articles) would also forfeit credit. This approach incentivized participants to
complete all tasks accurately.

If a participant failed an attention check or did not complete all the requested tasks, we excluded all their
responses and reassigned their articles to a new participant a few days later. Indeed, out of an original sample
of 140 subjects, 9 failed one or more attention checks, and 23 left the survey incomplete. All additional subjects
recruited to substitute them completed the survey and passed all attention checks. The final sample included
146 participants and was collected over approximately 98 days. The sample is balanced by gender, with 48.6%
self-identifying as female and 48.6% as male. The average age was 19.3 years (SD = 0.9), with the vast majority
being undergraduate students and only one graduate student. Of the 146 participants, 126 (86.3%) were Spanish
citizens. The remaining 20 participants were of various nationalities, with 90% of these foreign participants
having lived in Spain for at least one year. The median completion time for all three news items was 17.43
minutes, with approximately 90% completing the task in 33.38 minutes or less.

It is worth noting that, compared to typical crowdsourcing platforms such as MTurk or Prolific—two widely
used tools in academic research—our subject pool is arguably more educated and context-aware. In fact, we
recruited students from ESADE—a top-ranked Spanish university frequently relied upon by economics and
business-school researchers to hire research assistants—because the tasks in this study require familiarity with
Spanish municipal politics and a solid understanding of fiscal terminology. While this sample may not fully
represent professional annotators such as policy researchers, journalists, or domain-trained crowd workers, we
believe it compares favorably to the untrained participants typically used in studies that rely on outsourced
coders. Given that our goal in this study is not to define a universal benchmark for human performance, but to
evaluate the extent to which LLMs and traditional outsourced coders can replicate the judgments of highly skilled
annotators, our sample of outsourced human coders provides an appropriate—and meaningfully strong—group
against which to compare LLMs.

Performance metrics

Having obtained annotations from high-skilled coders (our gold standard), LLMs, and outsourced human
coders, our goal is to evaluate how closely the latter two groups replicate the judgments of the former. In this
section, we describe the metrics used to assess performance across the different task types. As explained in
Section "Coding strategies", the tasks assigned to LLMs and outsourced coders correspond to various NLP task
families. T1 corresponds to a NER problem, for which we use the macro-averaged F1 score as the performance
metric. This metric averages the F'1 scores calculated separately for each article. An article’s F'1 score is the
harmonic mean of precision and recall. Precision measures how many of the municipalities identified by the
coder (LLM or human) are correct, while recall measures how many of the correct municipalities (from the gold
standard) the coder successfully identified. Before computing these metrics, we correct any misspellings in the
coders’ responses. All scores range from 0 to 1, with higher values indicating better performance.

During data collection, we requested two answers for every news article, resulting in 420 responses. This
approach was applied consistently for both the outsourced human coders and each LLM tested. Considering
this, we calculated the macro-averaged F'1 score over these 420 responses. The obtained value should thus be
interpreted as the estimated performance for a randomly selected news article and tagger. A similar approach is
followed for calculating the performance metrics for the remaining tasks.

T2 corresponds to an entity counting task, framed as a regression problem and evaluated using the mean
absolute error (MAE)—which captures the average absolute difference between a coder’s response and the gold
standard value. Lower MAE scores indicate more accurate performance. T3 is a binary classification task with
“yes” or “no” answers, though coders could also respond with “unsure” (coded as 99 for LLMs). We measure
accuracy as the proportion of correct answers out of 420 responses, counting all “unsure” responses as incorrect
(in no instance was “unsure” assigned in the gold standard labels).

Tasks T4 and T5 correspond to multi-label classification problems, where multiple correct responses are
often possible. However, since LLMs and outsourced coders were indicated to provide a single label per article,
we adopt a lenient evaluation metric: a prediction is considered correct if it matches any of the gold standard
labels. We measure accuracy as the proportion of responses identifying any valid label, treating “the answer
does not fit into any of the previous strategies” (code 98 for LLMs) as possibly correct and “unsure” (code 99 for
LLMs) as incorrect. Note that “unsure” was never assigned in the expert annotations, although in some cases
“the answer does not fit into any of the previous strategies” was the correct response. We acknowledge that this
simplified metric likely inflates performance relative to a stricter multi-label standard, which would penalize
missing or extraneous responses. However, following the objective in'%, we aim to assess whether LLMs can
reliably capture the core dimension of political attribution (ruling party vs. opposition), which can be conveyed
by a single correct label. In this way, rather than replicating the full complexity and ambiguity of multi-label
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annotation, we prioritize a simplified and interpretable evaluation framework that emphasizes whether models
grasp the central thrust of the criticism.

Results

In this section, we present our main results. Section "Overall performance"” evaluates how well different coding
strategies replicate the labels produced by high-skilled coders. Section "Factors influencing coders’ performance"
explores how specific characteristics of the articles affect this performance. Section "Further analysis of the
outsourced human coders’ performance” further assesses the quality and reliability of the annotations generated
by outsourced human coders. Section "Prompt sensitivity" reports results obtained with an alternative prompting
strategy, shedding light on the sensitivity of our findings to prompt design. Finally, Section "Internal consistency”
examines the internal consistency of responses across coding strategies

Overall performance

Figure 1 summarizes the performance of outsourced human coders and LLMs across all five tasks (see Appendix
Table D1 for detailed values). Higher values indicate better performance in all panels except for T2, where lower
MAE values denote better accuracy. The final panel (“All correct”) reports the proportion of news articles for
which a coder successfully completed all five tasks.

Visual inspection of Fig. 1 reveals several notable patterns. First, all LLMs outperform outsourced coders
across all tasks. Second, Claude 3.5 Sonnet achieves the highest scores across tasks, though often only marginally
surpassing GPT-4-turbo. Third, while GPT-3.5-turbo outperforms outsourced humans, it lags behind other LLM
models. This last result suggests that as LLMs continue to grow more powerful, the performance gap between
them and outsourced human coders will only expand. These patterns are all confirmed in the regression analysis
we present in Appendix C.1.

To have a better sense of how good is the performance of LLMs against the high-skill annotators that created
the gold standard, we also computed the proportion of exact matches between the LLMSs’ responses and the
final gold standard labels. Note that this measure is directly analogous to the inter-coder agreement reported in
Section "High-skill coders (gold standard labels)", with the key difference that one “coder” in the comparison
is a model and the other is the expert-derived gold standard. Focusing on tasks where coding guidelines were
identical across LLMs, outsourced coders, and high-skill annotators (T1-T3), and applying the 70% benchmark
commonly cited in the inter-coder agreement literature®®, we find that outsourced human coders fall short of this
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Fig. 1. Overall performance, across tasks and coding strategies. This figure displays the overall performance
across all tasks and coding strategies. For T1, the figure shows the Macro F'; score; for T2, the Mean

Absolute Error (MAE); and for T3, T4, and T5, it shows the accuracy. For T2, a lower number denotes better
performance (i.e., smaller errors in identifying the correct number of municipalities), while for the remaining
tasks, higher numbers indicate better performance (i.e., closer alignment with the expert benchmark). The “All
correct” panel indicates the proportion of news articles for which all tasks were completed entirely correctly,
broken down by coding strategy.
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threshold, whereas the most advanced models from OpenAI (GPT-4) and Anthropic (Claude 3.5 Sonnet) meet
or exceed it (see Appendix Table D2). Although, as noted earlier, agreement among the high-skilled annotators
who produced the gold standard was somewhat higher (see Section "High-skill coders (gold standard labels)"),
these results indicate that advanced LLMs not only outperform our pool of well-educated, context-aware
outsourced coders across tasks, but also reach alignment levels that approach those of the expert annotators
themselves.

Factors influencing coders’ performance

Task difficulty

Figure 2 replicates Fig. 1, presenting outcomes by task difficulty for each article (see Table D3 for detailed
results), where a task in a given article is classified as difficult if at least two authors initially disagreed on the
correct answer during the creation of the gold standard. In the “All correct” panel, an article is categorized as
difficult if any of its tasks are classified as difficult.

Figure 2 shows that performance declines with task difficulty across all tasks, with GPT-3.5-turbo and GPT-
4-turbo in T3 being the only exceptions to this pattern. Moreover, visual inspection of Fig. 2 shows that more
advanced models, such as Claude 3.5 Sonnet and GPT-4-turbo, generally perform better on the difficult tasks
than outsourced human coders do on the easier ones. Examining GPT-3.5-turbo’s performance in T4 and the
“All correct” metric—the two cases where it did not significantly outperform human coders in the full sample
(see Fig. 1 and Table C2)—reveals that it still achieves higher accuracy than outsourced human coders on
difficult articles (see Appendix Table C2). This finding suggests that even the lowest-performing LLM in our
analysis surpasses human coders in accuracy when faced with more challenging tasks.
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Outsourced humans
GPT-3.5-turbo
GPT-4-turbo
Claude 3 Opus
Claude 3.5 Sonnet
. 1.0
T5: Target of criticism (Accuracy) All correct (Proportion)

Outsourced humans
GPT-3.5-turbo
GPT-4-turbo

Claude 3 Opus
Claude 3.5 Sonnet

Regular H Difficult

Fig. 2. Performance by article difficulty, across tasks and coding strategies. This figure displays the overall
performance across all tasks and coding strategies classified by task difficulty. For T1, the figure shows the
Macro F1 score; for T2, the Mean Absolute Error (MAE); and for T3, T4, and T5, it shows the accuracy. For
T2, a lower number denotes better performance (i.e., smaller counting errors), while for the remaining tasks,
higher numbers indicate better performance (i.e., greater agreement with gold-standard labels). The “All
correct” panel indicates the proportion of news articles for which all tasks were completed entirely correctly,
broken down by coding strategy.
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Text length

Text length has been identified as an important factor affecting LLMs performance. For instance, LLMs are
known to exhibit the “lost-in-the-middle” effect, where information appearing in the middle of the input tends
to receive less attention than content at the beginning or end®!. Similarly, human readers generally find longer
texts more challenging to process than shorter ones. For this reason, in Fig. 3 we replicate Fig. 1, but with
outcomes separated based on the length of the news articles (see Table D3 for detailed results). We define an
article as “long” if its word count (as provided by Factiva) is larger than the 90*" percentile calculated over our
sample of 210 news articles analyzed, and “regular” otherwise.

Both Fig. 3 and the long-article indicator in Appendix Table C1 suggest that longer articles present greater
challenges for coders, whether human or LLMs. In all tasks except T1, performance declines noticeably for long
articles compared to shorter ones. Notably, visual inspection of the figure reveals that LLMs often outperform
human coders on long articles—even exceeding human performance on shorter ones.

Further analysis of the outsourced human coders’ performance

The results presented above show that LLMs consistently outperform outsourced human coders on the tasks
examined in this study. However, one might question whether this advantage stems not from LLMs excelling, but
rather from shortcomings in how outsourced human annotators completed their assignments. In this section, we
present evidence suggesting that 1) outsourced human coders performed competently, and 2) the main results of
the study hold even when restricting the analysis to a subset of high-performing human coders.
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Fig. 3. Performance by article length, across tasks and coding strategies. This figure displays the overall
performance across all tasks and coding strategies classified by article length. For T1, the figure shows the
Macro F1 score; for T2, the Mean Absolute Error (MAE); and for T3, T4, and T5, it shows the accuracy. For
T2, a lower number denotes better performance (i.e., fewer numeric discrepancies), while for the remaining
tasks, higher numbers indicate better performance (i.e., greater match with expert annotations). The “All
correct” panel indicates the proportion of news articles for which all tasks were completed entirely correctly,
broken down by coding strategy.
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Outsourced coders’ competence and task performance

Figure 4 provides evidence indicating that outsourced human responses were indeed competent by presenting
two complementary analyses. First, for tasks T1 through T5, we assess the extent to which the overall performance
of human-provided answers differs from what would be expected by pure chance. Specifically, for each tasK’s
performance metric, we conducted a permutation test and calculated the upper confidence interval at the 97.5"
percentile. A result is considered significant at the 5% level if the observed value exceeds this upper threshold
(plotted as a black vertical line), except for T2, where it is considered significant if it falls below the threshold
(see Appendix Table D5 for detailed results). In this test, the predicted values are permuted 2,000 times and the
metric is computed for each permutation, generating a null distribution. Then, the observed metric is deemed
significant if it surpasses the 97.5°® percentile of this distribution. Second, to examine whether participants
became fatigued or disengaged as the task progressed, we analyze performance trends based on the order in
which participants reviewed the news articles. Recall that each participant completed tasks for three articles in
sequence (see Appendix Table D6 for detailed results). If fatigue were a factor, we would expect lower accuracy
on the final article compared to the first.

Figure 4 shows that, for all tasks, human coders performed significantly above random chance. Their
accuracy peaked when coding the second news article, surpassing both their first and last article performance,
suggesting a pattern of initial learning followed by fatigue (see Appendix Table C3). This contrasts with LLMs,
which maintain consistent performance across all articles, as they are not susceptible to fatigue and do not need
to learn.

Analysis of high-performing outsourced human coders

To further ensure that our findings reflect the superior performance of LLMs rather than potential limitations of
outsourced human coders, we conducted an additional analysis focusing on high-performing coders. For each
human coder, we calculated an aggregate performance score based on the proportion of tasks they completed
correctly (recall that most outsourced coders were assigned three news articles, each with five tasks, totaling
15 tasks). Using these scores, Fig. 5 replicates the analysis presented in Fig. 1, restricting it to coders whose
performance was above the sample median (i.e., the top 50%). Notably, strong performance may reflect both
individual ability and the difficulty of the articles assigned. To ensure a fair comparison, we recalculated LLM
performance using only the same articles evaluated by these high-performing coders.
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Fig. 4. Human coders’ performance, statistical significance, and task progression. This figure shows the
performance distribution by task order for the outsourced human coders. For T1, the figure shows the Macro
Fy score; for T2, the Mean Absolute Error (MAE); and for T3, T4, and T5, it shows the accuracy. For T2, a
lower number denotes better performance (i.e., more accurate counts), while for the remaining tasks, higher
numbers indicate better performance (i.e., closer alignment with expert judgments). The “All correct” panel
indicates the proportion of news articles for which all tasks were completed entirely correctly. For T1, T3, T4,
and T5, observed values above the black line indicate performance significantly better than random chance
in the permutation tests (5% level), while for T2, observed values below the line indicate significantly better
performance.
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Fig. 5. Performance comparison between LLMs and high-performing human coders. This figure compares the
performance of high-performing human coders (above median aggregate performance) against LLMs across
all tasks and coding strategies. For T1, the figure shows the Macro F1 score; for T2, the Mean Absolute Error
(MAE); and for T3, T4, and T5, it shows the accuracy. For T2, a lower number denotes better performance (i.e.,
smaller numeric deviation from the correct count), while for the remaining tasks, higher numbers indicate
better performance (i.e., higher agreement with expert coders). The “All correct” panel indicates the proportion
of news articles for which all tasks were completed entirely correctly, broken down by coding strategy.

The results, shown in Fig. 5, reveal that while high-performing human coders achieved accuracy comparable
to or occasionally exceeding GPT-3.5-turbo, their performance remained consistently below that of more
advanced LLMs. This finding is particularly noteworthy given that our full sample of outsourced coders likely
possesses higher capabilities than typical workers from popular crowdsourcing platforms. Thus, the analysis
demonstrates that current LLMs perform at least as well as (in the case of GPT-3.5-turbo) or better than (for all
other LLMs) the top performers in this already capable population.

Prompt sensitivity

A common concern when working with LLMs is the lack of a standardized approach for constructing effective
prompts. In practice, prompt writing remains a creative and largely manual process, often relying on trial
and error to identify the formulation that yields the best results for a given task. Following the debate in the
literature on whether LLMs are best deployed as zero-shot or few-shot annotators'®®2, we repeated the analyses
in Section "Overall performance” and Section "Factors influencing coders’ performance” using new draws
obtained in August 2025 for GPT-3.5-turbo and GPT-4-turbo under two conditions: our baseline zero-shot
setting and an instruction-augmented setting. The latter enriches the baseline prompt with additional guidance,
such as clarifying notes to reduce ambiguity (e.g., distinguishing municipalities from provinces), two illustrative
examples of what qualifies as a “criticism,” and an explicit warning that negative descriptions do not always imply
criticism (see Appendix B.4 for the alternative prompt). Results reported in Appendix Tables D7, D8, and D9
indicate that this enriched prompt design produces no systematic improvement in performance, even for long
or difficult articles. While these results are not definitive, they provide preliminary evidence that, at least in our
setting, a zero-shot approach could be sufficient.

Internal consistency

A desirable property of any coding strategy is its ability to yield consistent results across repeated trials. To
assess this, Table 2 reports the internal consistency of each method based on paired responses. Recall that we
obtained two responses per article from both human coders and each LLM. In this analysis, for each article
and task, we treat the second response as the true label and compute the performance metrics described in
Section "Performance metrics", using the first response as the prediction. Note that a coding strategy with high
internal consistency should yield performance metrics close to their theoretical optimum—that is, higher values
for accuracy-based measures and lower values for MAE.
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T1 T2 T3 T4 T5
Coding strategy (Macro F1) | (MAE) | (Accuracy) | (Accuracy) | (Accuracy)
Outsourced humans | 0.672 0.786 0.581 0.367 0.352
GPT-3.5-turbo 0.985 0.048 0.971 0.924 0.938
GPT-4-turbo 0.995 0.024 0.976 0.971 0.967
Claude 3 Opus 0.999 0.014 1.000 0.995 0.990
Claude 3.5 Sonnet 0.997 0.010 1.000 0.986 0.986

Table 2. Internal consistency by tagging strategy and task. Each row represents a coding strategy and each
column a task. Cell values measure consistency by comparing how well the first draw replicates the value
obtained in the second draw (which we treat as the true label), using each task’s performance metric. Higher
consistency is indicated by values close to 1 for T1, T3, T4, and T5, and by values close to 0 for T2.

Table 2 shows that all LLMs demonstrate high internal consistency, consistent with their minimum
temperature setting. While this consistency is not perfect, it substantially exceeds that of human coders. In
Appendix C.2, we further examine GPT-3.5-turbo’s temporal consistency by comparing responses generated
at different points in time, recognizing that model behavior can shift with updates. The results presented in
Appendix Table C4 reveal stronger consistency within responses generated in April 2024 (the main data used in
this study) than between these responses and those from October 2023 (the runs used in'®), or between the April
2024 responses and the August 2025 runs (analyzed in Section "Prompt sensitivity"). This suggests that even with
minimized temperature settings, updates to the underlying model can introduce variation. Moreover, as shown
in Appendix Table C5, these updates did not systematically improve performance, with notable declines in T3,
T4, and T5, in line with the findings of®*. Thus, while newer and more advanced models clearly outperform their
predecessors (e.g., GPT-4-turbo compared to GPT-3.5-turbo), we find no evidence that within-model updates
lead to steady improvements over time.

Discussion and conclusions

Our analysis shows that modern generative LLMs significantly outperform outsourced human coders in
replicating annotations from high-skilled coders across a diverse series of tasks. Even though outsourced coders
perform substantially better than random chance, LLMs consistently achieve higher accuracy and greater internal
consistency in aligning with expert annotations. Importantly, these advantages persist even for challenging and
lengthier texts, demonstrating the robustness and versatility of LLMs in complex textual analysis. Furthermore,
our results highlight clear performance gains in newer generations of LLMs, which surpass even the best-
performing outsourced annotators and are comparable to the high-skill annotators who elaborated the gold
standard.

Practical implications

The findings from this study have meaningful practical implications for research practices in the social and
behavioral sciences. As text data becomes increasingly central to understanding complex social and economic
dynamics®*%’, the ability to process such data effectively and efficiently is essential. Within this context, our
findings demonstrate that advanced generative LLMs can serve as powerful tools for conducting sophisticated
text analyses—regardless of the user’s technical background. Their accessibility through simple API calls,
combined with modest operational costs, makes these models particularly well suited to replicating high-quality
annotations at scale. With continued improvements in model capabilities, these technologies are poised to
transform standard analytical workflows in the social and behavioral sciences, opening new opportunities for
rigorous, scalable, and inclusive research designs.

Limitations and future work

While this study contributes important new evidence on how LLMs compare to outsourced human annotators
across a range of NLP tasks, it also presents limitations and leaves open important questions. We outline these
below, along with directions for future research.

Benchmarking against supervised baselines. This study focuses on evaluating how well zero-shot LLMs
replicate the annotations of high-skilled coders relative to outsourced human annotators. As such, it does not
benchmark against state-of-the-art SML models—such as fine-tuned BERT variants or multilingual transformers
like XLM-R—which typically require labeled data and additional engineering. Prior work shows that the relative
performance of zero-shot LLMs versus fine-tuned SML models is highly dependent on task, language, and
domain. In some text classification settings, smaller fine-tuned models outperform zero-shot prompting®-7,
while in other contexts, frontier LLMs rival or exceed supervised baselines®*’!. The annotated corpus we
release—covering five linguistically and contextually rich NLP tasks in Spanish—provides a strong foundation
for future research to explore these comparisons more systematically”2.

Task complexity and generalization. While our study evaluates a broader range of tasks than most existing
human-LLM comparisons—spanning structured information extraction (T1-T2) and complex political inference
(T3-T5)—it still covers only a subset of the broader space of natural language understanding. In particular, we
do not examine higher-order capabilities such as multi-sentence summarization, natural language inference
(e.g., contradiction or entailment), or causal reasoning—tasks increasingly used to probe deeper comprehension
and abstraction in LLMs’>7%, Also related to task complexity, for the multi-label classification tasks (T4-T5),
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we simplified the setup by requiring a single label from both models and outsourced coders, and we adopted
a lenient evaluation rule that counted any overlap with the gold standard as correct. While grounded in both
conceptual and practical motivations, we recongize this simplification likely inflates reported performance—for
both LLMs and outsourced human coders—and limits generalizability. Future work could revisit T4-T5 in their
full multi-label form and extend the benchmark to include higher-order tasks.

Reproducibility. A key practical limitation of using LLMs in research pipelines is the challenge of
reproducibility. Even under “deterministic” decoding settings, identical prompts can yield different outputs
across runs or following provider-side model updates™”*%. In our study, LLMs exhibited high—though not
perfect—internal consistency, substantially outperforming human coders (Table 2). Still, comparisons of GPT-
3.5-turbo across time revealed meaningful version-based variation and modest performance declines in T3-
T5. To support replicability and cumulative science, the research community should work toward establishing
shared best practices for tracking model versions and decoding parameters, reporting performance variability
alongside aggregate metrics, and adopting periodic re-evaluation protocols when using evolving commercial
APIs.

Alternative outsourced annotation strategies and hybrid workflows. Our study compares fully human
annotation—via outsourced coders—with fully automated annotation using LLMs. The human coders
were recruited from Spanish university students, who possess strong linguistic proficiency and contextual
awareness—a considerably higher bar than that of typical unskilled crowdsourced workers. As such, the
performance gains we report for LLMs may be conservative, as the gap could widen when compared to less
skilled annotators’. That said, a broad spectrum of alternative annotation strategies exists. At the high end of the
expertise scale, policy researchers or native journalists offer deep subject-matter knowledge, but their relative
scarcity makes them difficult to recruit at scale—posing challenges for large-scale research applications”>. More
recently, vendor-managed annotation platforms (e.g., Appen, Surge) have emerged as scalable options, offering
project management and multi-layer quality control for high-volume commercial workflows. However, these
services involve substantial fixed overhead and may be ill-suited for smaller academic studies’®. Lastly, an
increasingly popular alternative is hybrid annotation, where LLMs generate initial labels and humans verify or
revise them. Recent research suggests that such workflows can improve efficiency and accuracy—particularly
when verification is selective or interface-supported’”’8. However, the evidence on when human-AI teaming
yields net benefits remains mixed”®. Future work could use our corpus to systematically benchmark LLMs across
this full continuum—from general crowdworkers and university students, to domain experts and platform-
managed annotators, as well as hybrid approaches.

Language generalizability. By evaluating Spanish-language news, this study contributes to the still limited
but growing body of NLP research conducted beyond English®’. While Spanish is not a low-resource language per
se, it remains underrepresented in many existing benchmarks (see Table 1)—which is particularly consequential
given that current LLMs are predominantly trained on English-language data and typically achieve superior
performance on English tasks®"#2. Future work should extend this framework to truly low-resource linguistic
contexts, where disparities in model performance and data availability are even more pronounced®’. Recent
multilingual benchmarks and community-driven efforts offer promising tools for assessing how typological
diversity, linguistic coverage, and resource availability influence model behavior across languages®4%.

Cost-efficiency and prompt sensitivity. LLMs offer substantial reductions in both time and financial
costs compared to traditional supervised approaches, primarily by removing the need for task-specific
labeled datasets and model training. However, they also introduce practical challenges, in particular prompt
engineering. As discussed in Section "Prompt sensitivity", model performance can vary with small changes in
formatting or phrasing, underscoring the importance of careful prompt design and iterative refinement®®%7.
These tuning efforts, though often invisible in the final output, may contribute meaningfully to the overall cost
of implementing LLM-based pipelines. Future work should aim to make these hidden costs more transparent,
evaluate how prompt strategies transfer across tasks, and investigate mitigation techniques—such as prompt
standardization—to promote a more stable, scalable, and accessible use of LLMs.

Reliability, bias, and ethical considerations. Despite their many advantages, LLMs carry important reliability
risks—most notably hallucinations (confident but incorrect outputs)—which are particularly pronounced in
fine-grained, context-sensitive tasks like T4 and T5%%%. These risks are further exacerbated by the opaque nature
of model reasoning, which limits interpretability and raises accountability concerns in sensitive domains such
as sociopolitical classification®. In such settings, replacing human judgment with model outputs may introduce
unexamined political priors or normative biases. Recent research has shown that even zero-shot prompting can
reveal latent ideological leanings or value misalignments that often go unnoticed without targeted auditing”'~*.
In Appendix C.3, we conduct a preliminary analysis to assess whether, in our context, LLMs—while generally
precise—may have a pattern in their mistakes, finding no evidence of political bias. Future work could also use
benchmarks like the one introduced by*!, which provide a human-centric template for evaluating models along
dimensions such as fairness, ethics, and robustness, to do analogous efforts in other text-based domains.

Conclusion

Our study highlights the remarkable capabilities of generative LLMs in handling complex text analysis tasks,
showing a clear advantage over traditional outsourced human annotation methods in replicating high-skilled
coders’ responses. These findings support the adoption of LLMs as a practical, efficient, and accessible tool
for researchers, with the potential to enhance both analytical rigor and productivity in the social sciences and
beyond. As NLP technology continues to advance, the role of LLMs in text-based research is likely to grow,
opening up new opportunities for methodological innovation and large-scale, high-quality analysis.
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