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Abstract

Data science plays a critical role in transforming complex data into actionable
insights across numerous domains. Recent developments in large language mod-
els (LLMs) and artificial intelligence (AI) agents have significantly automated
data science workflow. However, it remains unclear to what extent AI agents
can match the performance of human experts on domain-specific data science
tasks, and in which aspects human expertise continues to provide advantages. We
introduce AgentDS, a benchmark and competition designed to evaluate both AI
agents and human-AI collaboration performance in domain-specific data science.
AgentDS consists of 17 challenges across six industries: commerce, food produc-
tion, healthcare, insurance, manufacturing, and retail banking. We conducted an
open competition involving 29 teams and 80 participants, enabling systematic
comparison between human–AI collaborative approaches and AI-only baselines.
Our results show that current AI agents struggle with domain-specific reasoning.
AI-only baselines perform near or below the median of competition participants,
while the strongest solutions arise from human–AI collaboration. These findings
challenge the narrative of complete automation by AI and underscore the enduring
importance of human expertise in data science, while illuminating directions for
the next generation of AI. Visit the AgentDS website here and open source datasets
here.

1 Introduction

Data science has become central to decision-making across industries, from healthcare diagnostics
to financial risk assessment, where it blends statistics, computer science, and domain expertise
to transform raw data into actionable insights [1, 2, 3]. Recent advancement of large language
models (LLMs) and AI agents demonstrate impressive capabilities in automating code generation
and executing regular machine learning tasks [4, 5, 6, 7, 8, 9, 10]. Some systems have even achieved
Kaggle Grandmaster performance through structured reasoning [10], while others automate data
science workflows [11, 12, 13]. These advances suggest that many routine components of data science
workflows may increasingly be automated, reducing the manual burden on human data scientists.

Despite these advances in LLMs and AI agents for data science, a fundamental question remains
unanswered: To what extent do human experts outperform autonomous AI agents on domain-specific
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data science tasks, and in which aspects does this advantage arise? In practice, human data scientists
consistently rely on specialized knowledge about data and tasks, incorporating crucial domain-specific
nuances that enhance model performance [14, 15, 16, 17, 18]. Such domain-driven decisions are often
subtle yet essential, addressing complexities not captured by generic analytics workflows. However,
current research on AI for data science has largely focused on generating generic code and pipeline
executions [7, 8], often neglecting the domain-specific knowledge needed for real-world problems.

Existing benchmarks for AI agents, while valuable, often do not test whether agentic AI can effectively
leverage domain insights outside tabular data [19, 20, 21, 22, 23, 24]. Some recent work has
demonstrated that current agentic AI typically generates generic code and pipeline executions, often
neglecting the domain-specific knowledge needed for complex real-world problems [7, 18, 25].

Understanding these differences is important for advancing both AI capabilities and human-AI
collaboration. To address this gap, we present AgentDS, a benchmark comprising 17 challenges
across 6 domains, each grounded in realistic industry problems and built on carefully designed
synthetic datasets that reward domain-specific insight. The challenges are constructed so that generic
pipelines relying only on off-the-shelf algorithms perform poorly, while approaches that incorporate
domain-informed feature engineering and data processing achieve substantially better results. To
evaluate these dynamics in practice, we organized a 10-day competition involving 29 teams and
80 participants, enabling a systematic comparison between human–AI collaborative solutions and
AI-only baselines.

Our inaugural competition reveals three key findings:

1. Agentic AI struggle with domain-specific reasoning. Current autonomous agents perform
poorly on tasks requiring domain-specific insight, particularly when multimodal signals must
be incorporated. In practice, several teams that initially experimented with autonomous agent
frameworks ultimately abandoned them in favor of interactive human-guided workflows.

2. Human expertise remains essential. Human data scientists consistently contribute capa-
bilities that AI lack, including diagnosing modeling failures, injecting domain knowledge
through feature design and domain-specific rules, and making strategic decisions about
model selection and generalization.

3. Human-AI collaboration outperforms either humans or AI alone. The most success-
ful approaches combine human strategic reasoning with AI-assisted implementation. In
these workflows, humans guide the problem-solving process while AI accelerates coding,
experimentation, and iteration.

These findings challenge the assumption that advances in agentic AI will soon enable fully au-
tonomous data science. Instead, our results suggest that effective performance on domain-specific
tasks continues to rely on human expertise, particularly for problem formulation, domain-specific
reasoning, and strategic decision making. AgentDS provides a benchmark for systematically studying
these dynamics and highlights the importance of designing systems that support effective human–AI
collaboration rather than fully autonomous automation.

The remainder of the paper is organized as follows. Section 2 introduces the AgentDS benchmark,
including its design philosophy, dataset curation process, evaluation framework, the competition
setup and AI baselines. Section 3 presents empirical findings based on both quantitative results and
qualitative analysis of participant submissions. Section 4 discusses limitations and directions for
future work. Section 5 concludes the paper.

2 The AgentDS Benchmark and Competition

2.1 Design Philosophy

AgentDS is built on three core principles:

1. Domain-specific complexity. We design in the way that strong performance requires domain-
specific insights. Generic methods yield baseline results at best; competitive performance demands
understanding what features matter in each context and what processing steps are appropriate. This
design choice deliberately tests whether agents can apply genuine domain reasoning.
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2. Multimodal integration. Real-world data science rarely involves a single tabular dataset.
AgentDS therefore provides not only a primary tabular dataset containing the prediction target, but
also additional data modalities such as images (e.g., product photos or vehicle condition images), text
(e.g., customer reviews or clinical notes), and structured files (e.g., JSON, PDFs, or additional CSV
files linked to the main dataset). This design introduces domain-specific complexity that more closely
reflects real-world data science challenges.

3. Real-world plausibility. While our data is synthesized, the generation process faithfully mirrors
genuine relationships found in actual industry data. Each domain’s datasets incorporate realistic
constraints and correlations that practitioners encounter. We consult the domain literature, including
academic papers, industry reports, and practitioner blogs, to ensure that our data reflect authentic
patterns and do not contradict established domain knowledge.

2.2 Benchmark Scope

AgentDS covers six domains, each selected for its real-world importance, technical challenge, and
diversity of required skills. An overview of the challenges in each domain is presented in Table 1.
The six domains were selected to span industries where predictive modeling plays a crucial role
and where domain knowledge, heterogeneous data modalities, and business-specific evaluation
criteria collectively influence modeling strategies. In commerce, demand forecasting and coupon
targeting are high-impact problems where behavioral and contextual signals are essential, and product
recommendation from visual catalogs benefits substantially from fusing image embeddings with
interaction data [26, 27, 28]. In food production, shelf life estimation requires integrating storage
conditions with microbiological growth dynamics, while visual quality control now approaches human
inspector accuracy on structured defect detection tasks [29, 30, 31]. Healthcare challenges center
on clinical prediction tasks, such as readmission, emergency department resource consumption, and
discharge readiness, where domain-specific feature engineering around comorbidity combinations,
vital sign trajectories, and care pathways is decisive [32, 33, 34]. Insurance combines structured
actuarial data, free-text claims, and image evidence: text-based triage benefits from domain-adapted
language models, risk-based pricing demands actuarially sound calibration, and fraud detection must
handle severe class imbalance and adversarial adaptation [35, 36, 37]. Manufacturing challenges
cover predictive maintenance from sensor streams and supply chain delay forecasting, both requiring
domain-specific signals[38, 39]. Retail banking offers high-volume transaction data where fraud
detection and credit default prediction remain challenging due to rare-event class imbalance, and
where feature engineering around behavioral proxies requires practitioner expertise[40, 41].

Table 1: An Overview of Challenges in AgentDS Across Six Domains
Domain Challenge Problem Metric Additional Modalities

Commerce
Demand Forecasting Regression RMSE Text, CSV
Product Recommendation Ranking NDCG@10 Image, CSV
Coupon Redemption Classification Macro-F1 JSON

Food Production
Shelf Life Prediction Regression MAE JSON
Quality Control Classification Macro-F1 Image, JSON
Demand Forecasting Regression RMSE Text, CSV

Healthcare
Readmission Prediction Classification Macro-F1 JSON
ED Cost Forecasting Regression MAE PDF, CSV
Discharge Readiness Classification Macro-F1 JSON

Insurance
Claims Complexity Classification Macro-F1 Text
Risk-Based Pricing Regression Normalized Gini Image, CSV
Fraud Detection Classification Macro-F1 PDF

Manufacturing
Predictive Maintenance Classification Macro-F1 CSV, JSON
Quality Cost Prediction Regression Normalized Gini Image, JSON
Delay Forecasting Regression MSE JSON

Retail Banking Fraud Detection Classification Macro-F1 JSON
Credit Default Classification Macro-F1 JSON

Each domain includes 2-3 challenges spanning classification, regression, and ranking tasks.
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2.3 Data Curation Process

Creating datasets that are simultaneously realistic, challenging, and informative requires a systematic
approach. Our curation pipeline involves four stages as described below.

Stage 1: Domain research. For each domain, we identify critical problems where data science
provides value, the types of features and data commonly encountered, domain-specific tools and
feature engineering practices, and plausible relationships between predictors and outcomes. This
research grounds our dataset generation in authentic domain knowledge, ensuring that solving our
challenges mirrors solving real industry problems.

Stage 2: Data generation. We synthesize data using carefully designed data-generating processes
that respect the domain constraints identified in Stage 1. Importantly, the generation procedure
ensures that strong predictive performance requires domain-specific reasoning rather than purely
generic modeling pipelines. To achieve this, we transform certain latent variables that influence the
prediction target into additional data modalities (e.g., images), so that effective feature extraction from
these modalities requires domain-specific insights. As a result, each challenge dataset consists of a
primary tabular dataset containing the prediction target together with additional data modalities that
encode complementary information. We iteratively test baseline approaches (e.g., applying XGBoost
to the tabular data alone) to verify that they underperform relative to methods that appropriately
leverage the additional modalities with domain-specific insights. An example illustrating this process
is provided in [25], with a synthetic property insurance dataset where crucial latent variables were
embedded in roof images.

Stage 3: Performance bounds and difficulty calibration. Because we control the data generation
process, we can determine the theoretical upper bound on performance by evaluating the score
achievable under perfect knowledge of the data-generating mechanism. This allows us to calibrate
challenge difficulty and distinguish between fundamental limits and gaps in possible participant
approaches.

Stage 4: Documentation and validation. Each domain includes a description.md file that serves
as a comprehensive documentation explaining domain terminology, data sources, and context. We
validate that domain experts find the challenges realistic and that the documented information is
sufficient (though not prescriptive) for informed approaches. Finally, the data is prepared per domain,
meaning that all challenges within the same domain are organized together as a single package.

2.4 Evaluation Framework

AgentDS evaluates submissions primarily based on predictive performance on held-out test data.
Each challenge is associated with a domain-specific evaluation metric, following those commonly
used in practice, as shown in Table 1.

Quantile scoring. To enable fair comparison across challenges with heterogeneous metrics and
scales, AgentDS employs a quantile-based scoring that normalizes performance into a common
[0, 1] scale. For each challenge, participants who submit solutions are ranked according to the
challenge-specific metric (e.g., Macro-F1, RMSE, normalized Gini coefficient). Let i be the index of
a participant who successfully submitted to the challenge, and let n > 1 denote the number of such
participants. The quantile score of participant i is computed as:

qi =
n− ri
n− 1

,

where ri denotes the rank of participant i (with ri = 1 indicating the best performance). This
transformation ensures that the top performer receives qi = 1, the worst performer receives qi =
1/(n − 1) > 0, and the intermediate ranks are linearly interpolated. Participants who do not
successfully submit to a challenge are scored 0 for that challenge, ensuring that non-participation
always results in the lowest possible score.

Score aggregation. Each domain contains two or three challenges. A participant’s domain score
is the arithmetic mean of their quantile scores across all challenges in that domain. The overall
score is then defined as the mean of the six domain scores, yielding a single summary measure of
cross-domain data science capability. This hierarchical aggregation (challenge → domain → overall)
ensures that each challenge contributes equally to the final ranking.
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Tie breaking. If two participants obtain the same overall score, ties are broken using efficiency
indicators: the participant with fewer submissions ranks higher, and if the tie persists, the participant
whose final submission occurred earlier ranks higher.

2.5 The AgentDS Competition

The AgentDS competition benchmarks human–AI collaboration performance in domain-specific data
science. Participants are allowed to freely use any AI tools, enabling the competition to capture how
humans and AI systems interact in realistic data science workflows.

The competition received more than 400 registrations, and participants were allowed to form teams
of up to four people. It lasted for 10 days (October 18, 2025 – October 27, 2025), and a total of 29
teams consisting of 80 participants made successful submissions. During the competition, each team
was allowed up to 100 submissions per challenge. After the competition ended, we collected code
and reports from participating teams to verify reproducibility and conduct further analysis.

2.6 AI-Only Baselines

To contrast with the human-AI collaboration performance achieved by competition participants, we
evaluate two AI-only baselines representing different levels of autonomy: a direct prompting baseline
using GPT-4o and an agentic coding baseline using Claude Code. For each baseline, we compute
performance using the same evaluation pipeline as human participants. Specifically, the raw metric
score obtained by each baseline in each challenge is inserted into the pool of participant scores,
and its quantile position is computed as if it had participated in the competition. This produces an
interpretable estimate of where each AI-only baseline would rank among human teams.

2.6.1 Baseline configurations

Direct prompting baseline (GPT-4o). The first baseline uses GPT-4o [42] accessed through the
ChatGPT interface in a direct prompting setting. For each challenge, the model is provided with the
challenge directory containing the tabular datasets, preview samples of additional modalities (e.g.,
images, PDFs, JSON when present), and a description.md file describing the schema, prediction
task, and submission format. The model is prompted to generate end-to-end Python code that loads
the training data, trains a predictive model, produces predictions for the test set, and outputs a valid
submission.csv file. The generated code is then executed to produce the submission, which is
uploaded through the AgentDS evaluation API to obtain the corresponding score. In this baseline, the
entire solution is generated in a single direct prompting interaction with the LLM.

Agentic coding baseline (Claude Code). The second baseline uses the Claude Code [5] CLI
(v2.1.30) with the claude-sonnet-4.5 model, operating in non-interactive autonomous mode. For
each challenge, the agent is given access to the challenge directory containing the training data,
test data, and the description.md file describing the schema, prediction task, and submission
format. The agent is instructed to generate and submit a valid submission file. Unlike the direct
prompting baseline, Claude Code can iteratively refine its approach by writing and executing code
during the run. Each challenge is allocated a fixed time budget of 10 minutes. Again, there is no
human intervention occurs during execution, namely, the entire modeling and submission process is
carried out autonomously by the agent.

2.6.2 Performance of AI-only baselines

The GPT-4o direct prompting baseline achieves an overall quantile score of 0.143, ranking 17th out
of 29 teams and falling below the participant median (0.156). In contrast, the Claude Code agentic
baseline achieves a substantially higher overall quantile score of 0.458, ranking 10th out of 29 teams.
Figure 1 shows the distribution of overall scores across all participants together with the two AI
baselines.

Domain-level performance. Figure 2 illustrates domain-level quantile scores. The GPT-4o baseline
performs at or below the domain median across all domains, with particularly weak performance in
Retail Banking (0.000) and Commerce (0.021). The Claude Code baseline substantially improves
performance across all domains, achieving its strongest scores in Manufacturing (0.573), Food
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Figure 1: Overall quantile score comparison between both AI baselines and competition teams (n=29).
The GPT-4o baseline (orange, score: 0.143) ranks 17th, falling below the participant median of 0.156
(dashed line). The Claude Code agentic baseline (purple, score: 0.458) ranks 10th, exceeding the
median and placing in the top third of participants. Bars are sorted descending by score (Team 1 =
best); both AI baselines are inserted at their rank positions. Quantile scores represent the average
of per-challenge normalized rankings, with 1.0 indicating best performance and 0.0 indicating non-
participation. The result shows that current AI-only baselines, whether using direct prompting or
agentic coding, do not match the performance of the top human teams in the competition, highlighting
a substantial gap between AI automation and human data science expertise.

Production (0.532), and Retail Banking (0.553). Nevertheless, the agentic baseline remains well
below the top-performing human teams in every domain.

Challenge-level performance. Challenge-level results further reveal large performance variability
across tasks. As shown in Figure 3, GPT-4o achieves moderate scores on a small subset of challenges
(e.g., Insurance Ch. 3 and Healthcare Ch. 3) but obtains near-zero quantile scores on several others.
Claude Code improves performance on the majority of challenges, particularly in Manufacturing
Ch. 1 and Retail Banking Ch. 1, yet still fails to consistently match the strongest human solutions.

Taken together, the two baselines demonstrate that while agentic tool use substantially improves
AI performance over direct prompting, AI-only baselines remain well below the level of the best
human data scientists in domain-specific data science. The direct prompting baseline relies on generic
modeling pipelines and largely ignores the additional data modalities provided in the challenges.
The agentic baseline benefits from iterative experimentation and code execution, but still defaults to
standard modeling strategies and fails to fully exploit the domain-specific signals available in these
additional data sources.

These results establish an empirical reference point for interpreting participant outcomes. While
the agentic baseline can outperform weaker participants, both AI-only baselines remain below the
performance achieved by the strongest teams with human-AI collaboration.

3 Empirical Findings from AgentDS

In this section, we present empirical findings based on the quantitative results in Section 2.6 and a
qualitative analysis of the code produced by the AI-only baselines together with the code and reports
submitted by competition participants.

3.1 AI Agents Struggle with Domain-Specific Reasoning

Our benchmark reveals concrete evidence of agentic AI limitations. Despite their fluency in code
generation and data manipulation, agentic AI consistently underperform on domain-specific data
science tasks, as discussed in Section 2.6. Several failure modes emerge:
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Figure 2: Distribution of domain-level quantile scores across all participants (teal dots), with GPT-
4o baseline indicated by orange diamonds and Claude Code baseline by purple squares. GPT-4o
falls at or below the domain median in all six domains, with particularly weak performance in
Commerce (0.021) and Retail Banking (0.000). Claude Code substantially outperforms GPT-4o in
every domain, most notably Manufacturing (0.573), Food Production (0.532), and Retail Banking
(0.553), but remains well below the top-performing human teams in each domain, confirming that
general-purpose AI, even agentic ones, cannot yet replicate the domain-specific strategies of expert
human data scientists.

Inability to leverage multimodal signals. In challenges involving images, such as challenge 2 in
insurance, food production, and commerce, AI agents fail to extract or appropriately utilize visual
features. Human data scientists, by contrast, recognize when image-based signals matter and employ
domain-specific computer vision techniques (e.g., DINOv3 [43], ResNet50 [44]).

Over-reliance on generic pipelines. AI tends to default to familiar patterns: loading data, applying
standard preprocessing, and training with gradient-boosted models or random forest. While this
baseline approach can produce an executable pipeline and works reasonably well for simple tasks, it
performs poorly when domain-specific insight is essential, as in AgentDS challenges.

Limits of fully autonomous agents. Fully autonomous agentic approaches remain ineffective
for complex domain-specific data science tasks. Several participating teams in AgentDS initially
experimented with fully automated agent frameworks but later abandoned them in favor of interactive
human-AI collaboration. One team reported that early attempts using autonomous agents with multi-
turn tool calls and multi-agent orchestration required extensive prompt engineering and incurred
significant API costs, making them difficult to sustain. They ultimately shifted to interactive coding
agents, where humans guided the problem solving process while the AI executed coding tasks
and explored ideas. This transition improved both practical efficiency and solution quality. Such
experiences suggest that current agentic systems are better used as collaborative tools rather than
fully autonomous replacements for human data scientists.

3.2 Human Expertise Provides Irreplaceable Value

Participant reports from the competition reveal a consistent pattern: AI agents accelerated implemen-
tation, but the decisions that determined performance were made by humans. The reports highlight
four concrete mechanisms through which human expertise contributed value that autonomous agents
could not replicate.
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Figure 3: Challenge-specific quantile score distributions across six domains. Teal dots represent
participants who submitted for each challenge (zero-score non-submitters excluded from display);
orange diamonds show the GPT-4o baseline; purple squares show the Claude Code baseline; gray
dashed lines indicate per-challenge participant medians among submitters. Claude Code outperforms
GPT-4o across the majority of challenges, with the largest gains in Manufacturing Ch. 1 (Claude:
0.655, GPT-4o: 0.000), Retail Banking Ch. 1 (Claude: 0.741, GPT-4o: 0.000), and Commerce
Ch. 3 (Claude: 0.534, GPT-4o: 0.000). Neither system achieves top-quartile performance on every
challenge, confirming that current AI approaches cannot match the best human solutions, which
leverage domain knowledge, multimodal signals, and iterative expert refinement.

Strategic problem diagnosis. Several top-performing teams explicitly reserved diagnosis for humans
and implementation for AI. Some participants described a deliberate division of labor in which
humans identified the structural weakness of the current approach, such as miscalibrated peaks,
distribution shift between training and test data, or poorly specified feature interactions, before
tasking the AI with implementing the proposed fix. Others initially pursued fully autonomous
multi-agent frameworks but abandoned them after finding that extensive prompt engineering yielded
diminishing returns. Their eventual approach, interactive human-guided coding agents, proved
substantially more effective. Insights about what worked and what failed in each domain emerged
from human reflection and were then shared back to the agents.

Encoding domain knowledge that data cannot reveal. Participants frequently constructed features
that required domain expertise rather than patterns observable from the data distribution alone. In the
healthcare domain, several participants derived features by comparing vital signs against medically
defined normal ranges and by engineering indicators capturing stability, volatility, and recovery trends
over time. These features reflected clinical protocols that cannot be inferred directly from the data
itself. Similar patterns appeared in other domains: some participants incorporated domain-specific
business rules, such as credit risk thresholds and inquiry count conditions, which improved model
performance beyond what standard machine learning pipelines alone could achieve.

Filtering and overriding AI-suggested approaches. Multiple teams reported that uncritical ac-
ceptance of AI-generated pipelines reduced rather than improved performance. Some participants
observed that AI agents across multiple frontier models frequently proposed complex feature en-
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gineering pipelines that, when evaluated, lowered their validation scores. They further described
a practice of first reasoning through the problem independently, forming their own hypotheses,
and only then using the agent to implement a human-specified solution. Another team drew the
same conclusion across all seventeen challenges they attempted: domain-driven feature engineering
consistently outperformed blind automation, and no single AI-generated template generalized across
tasks without human adaptation.

Human judgment beyond what validation scores reveal. Human participants frequently made
model-selection decisions that required reasoning beyond simply maximizing validation scores. In
several cases, participants deliberately chose models with slightly lower out-of-fold performance
because discrepancies between validation and test scores suggested potential overfitting. Such
decisions reflect an understanding of generalization risk that cannot be captured by score optimization
alone. Participants also exercised caution in how AI tools were used: rather than delegating full
control to autonomous agents, many teams conducted experiments manually and used LLMs primarily
as assistants for debugging, explanation, or brainstorming. This workflow reflects a broader pattern
in which humans retain final judgment in uncertain situations where evaluation metrics alone cannot
determine the most reliable modeling strategy.

Taken together, these findings suggest that human expertise contributes more than speed or breadth
of search. Humans provide a qualitatively different capability: diagnosing flaws in a model’s
framing before they appear in the data, injecting domain knowledge that the training distribution
does not contain, and maintaining skepticism toward solutions that achieve high validation scores but
generalize poorly.

3.3 Human-AI Collaboration Outperforms Either Alone

High-performing approaches in AgentDS competition effectively combine human strategic judgment
with AI computational support. This collaboration takes several forms:

AI for acceleration, humans for direction. Successful approaches use AI agents to handle routine
tasks, such as data loading, initial exploratory analysis, boilerplate code generation, while humans
retain control over strategic decisions: which features to engineer, which models to compare, how to
interpret results. This division of labor leverages the strengths of each.

Iterative human-AI feedback loops. Rather than treating AI as fully autonomous, effective col-
laboration engages tight feedback loops: humans propose approaches, AI implements them rapidly,
and humans evaluate results and refine hypotheses. Importantly, these loops are consistently human-
initiated. Participants described workflows in which humans judged when results were unsatisfactory,
diagnosed the likely cause, and framed the next instruction to the AI. The agent accelerates iteration,
but the direction of each cycle is determined by human reasoning.

Complementarity, not replacement. Human-AI teams excel through complementarity: humans
provide domain grounding, causal reasoning, and error correction; AI provides computational power,
rapid prototyping, and exhaustive search. Neither alone matches their combined effectiveness.

These findings resonate with a growing body of research on human-AI collaboration [45, 46, 47,
48, 49, 50, 51]. The central insight is that collaboration quality, meaning how effectively human
judgment and AI capabilities are integrated, is as important as the capabilities of either alone. When
human-AI collaboration is thoughtfully designed, the resulting partnership can outperform either
humans or AI acting alone.

4 Limitations and Future Work

AgentDS represents an initial step toward rigorous evaluation of AI and human-AI collaboration in
domain-specific data science, but several limitations warrant discussion:

Synthetic data. While our data generation process mirrors real-world relationships, it cannot
capture the full messiness, ambiguity, and noise of genuine industry datasets. Future iterations may
incorporate real (anonymized) datasets where feasible.

Limited participation pool. Our inaugural competition drew valuable participation, but larger and
more diverse engagement would strengthen findings. We aim to expand outreach in future editions.
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Scope of domains. Six domains, while diverse, do not exhaust the landscape of applied data science.
Future work can expand to additional domains (e.g., energy or other areas of finance) to test the
generalization of our findings.

Evolving AI capabilities. AI systems improve rapidly. Findings from our current competition may
not reflect future capabilities. AgentDS is designed as an ongoing benchmark; we will continue
tracking performance as agentic systems advance.

Observational analysis of collaboration. Our analysis of human-AI collaboration relies on par-
ticipant reports, code submissions, and qualitative inspection of workflows. While these sources
provide rich insight into how teams interacted with AI tools, the competition setting does not allow
controlled experiments on collaboration strategies. Future work could design controlled studies that
systematically vary the degree of autonomy, prompting strategies, or human oversight to quantify
which collaboration patterns produce the best outcomes.

5 Conclusion

AgentDS introduces a benchmark and competition for studying domain-specific data science under
realistic conditions. The benchmark comprises 17 challenges across six domains, each designed
so that strong performance requires domain knowledge, multimodal reasoning, and thoughtful
modeling decisions rather than generic machine learning pipelines. By combining a controlled data
generation framework with an open competition setting, AgentDS provides a systematic environment
for evaluating both autonomous AI agents and human–AI collaboration for domain-specific data
science.

Our results reveal three consistent findings. First, current agentic AI systems struggle with domain-
specific reasoning, particularly when multimodal signals and contextual knowledge must be incorpo-
rated. Second, human expertise remains essential: participants repeatedly demonstrated the ability to
diagnose modeling failures, inject domain knowledge through feature design and domain-specific
rules, and make strategic decisions about model generalization. Third, the most successful solutions
emerge from human–AI collaboration, where humans guide the problem-solving process while AI
accelerates coding, experimentation, and iteration.

These findings suggest that the future of AI in data science may not lie in fully autonomous automation,
but in effective human–AI collaboration. Progress therefore depends not only on improving model
capabilities, but also on designing AI that better support human reasoning, domain knowledge
integration, and iterative problem solving. AgentDS provides a foundation for studying these
dynamics and for developing AI that augment, rather than replace, human expertise.
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