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Abstract

Data analysis agents often produce shallow
or non-auditable summaries because they lack
the explicit reasoning frameworks and valida-
tion habits used by domain experts, especially
when evidence must be gathered across het-
erogeneous data sources. We propose struc-
tured strategy injection, which injects com-
pact methodology specifications with explicit
checkpoints into an agent’s controller con-
text, turning expert workflows into executable
plans and enabling compliance-based trans-
parency. To make such methodology-driven
planning executable and auditable in hetero-
geneous settings, we introduce Data2MCP, a
router-based orchestration infrastructure that
standardizes SQL databases, knowledge graphs,
vector stores, and tables as MCP-compatible
tools and routes queries dynamically for multi-
source retrieval and join-like reasoning. We
compare Data2MCP against a RAG baseline
and DA-Agent across multi-source retrieval,
DAComp, and BIRD MiniDev. In multi-
source retrieval, Data2MCP outperforms DA-
Agent, and strategy injection benefits both
architectures. On DAComp, strategy injec-
tion improves DA-Agent from 50.84 to 57.17
(+6.33). The code is available at https://
github.com/turambar928/Data2MCP.

1 Introduction

Recent advances in Large Language Models
(LLMs) have enabled autonomous data analysis
agents to interface with specialized databases and
unstructured document stores (OpenAl et al., 2024;
Yang et al., 2025). However, deploying these sys-
tems in production environments reveals that data
analysis tasks present operational challenges in two
distinct dimensions: (1) spatial data fragmentation
across heterogeneous modalities, and (2) tempo-
ral reasoning drift during multi-turn exploration.
Existing agent frameworks generally address only
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Figure 1: Overview of the dual-axis data analysis frame-
work. The Data2MCP infrastructure standardizes the
spatial complexity of heterogeneous data sources (SQL,
KG, Vector DB), while Structured Strategy Injection
regulates the temporal execution path of the agent via
explicit checkpoints.

one side of this matrix. Monolithic code-execution
sandboxes, such as OpenHands or DA-Agent (Lei
et al., 2025), are engineered with a depth-first ori-
entation. They perform localized exploratory data
analysis (EDA) effectively on centralized, homo-
geneous data tables, but introduce significant inter-
face friction when cross-source evidence verifica-
tion is required across structurally diverse systems
like relational databases and knowledge graphs.

Furthermore, granting an agent raw access to
multi-source tools does not guarantee analytical
rigor. Without explicit procedural boundaries, stan-
dard agents navigating multi-source environments
frequently exhibit erratic reasoning paths—failing
to cross-check conflicting evidence, neglecting data
quality baselines, or generating conclusions with-
out an auditable verification trail. This limitation
stems from current prompting paradigms: estab-
lished techniques such as Chain-of-Thought (Wei
et al., 2022) and ReAct (Yao et al., 2023) rely on
unstructured, task-specific instructions that lack
systematic constraints for multi-stage workflows.
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In contrast, human analysts rely on formalized
methodologies—such as CRISP-DM for data min-
ing (Chapman, 2000) or the Analysis of Competing
Hypotheses (ACH) for intelligence analysis (Heuer,
1999)—to enforce a global logic on systematic in-
quiry.

To address the temporal challenge of reasoning
drift, we introduce Structured Strategy Injection.
This framework embeds domain-expert procedu-
ral knowledge directly into the agent’s controller
context at inference time. By incorporating explicit
analytical checkpoints and compliance validation
mechanisms, our approach makes agent decisions
verifiable and aligned with expert workflows. We
evaluate three execution modes with varying de-
grees of autonomy: Fixed Injection of a specific
methodology, Auto-selection from a curated cata-
log of 74 strategies, and Adaptive Generation of
bespoke instructions. Because strategy injection
operates strictly at the prompt level, it requires no
fine-tuning and remains architecture-agnostic.

An analytical methodology, however, requires
a compatible execution environment to be effec-
tive. Because expert strategies like ACH depend on
cross-source evidence verification, they cannot be
fully leveraged in environments restricted to a sin-
gle data modality. To resolve this spatial constraint,
we introduce Data2MCP, a multi-source orches-
tration framework that integrates SQL databases,
Neo4j knowledge graphs, FAISS vector stores, and
Pandas DataFrames via the Model Context Proto-
col (MCP) (Anthropic, 2024). Data2MCP serves as
a general-purpose engineering infrastructure rather
than a tailored testbed for strategy evaluation; it re-
solves spatial heterogeneity through dynamic rout-
ing and homogenized tool interfaces. Additionally,
its standardized tool schema minimizes integra-
tion variance, ensuring that performance changes
are attributable to the evaluation of planning inter-
ventions rather than ad-hoc integration disparities.
Within this unified multi-source environment, the
orchestration capabilities of structured strategies
can be systematically evaluated.

This separation of concerns, with Data2MCP
managing spatial data integration and strategy in-
jection governing temporal reasoning, enables the
two dimensions to be evaluated independently. We
evaluate strategy injection across two distinct archi-
tectural paradigms: our breadth-centric Data2MCP
framework and the depth-centric code-sandbox
infrastructure of DA-Agent. Empirical results
show that strategy injection yields consistent per-

formance gains across both systems and multiple
underlying LLMs, demonstrating that the two ar-
chitectural approaches are complementary.

This paper makes three primary contributions:

e Structured Strategy Injection: A frame-
work that embeds expert methodologies into
LLM agents via explicit checkpoints and dual-
validation monitoring, enforcing auditable an-
alytical behaviors without parameter updates.

* The Data2MCP Infrastructure: A stan-
dalone multi-source orchestration framework
that unifies heterogeneous data access under a
Router-based MCP architecture, establishing
a scalable foundation for decentralized joint
reasoning.

* Orthogonal Empirical Validation: Com-
prehensive evaluations showing that strategy
injection consistently enhances performance
across distinct architectural paradigms (the
breadth-centric Data2MCP and the depth-
centric DA-Agent), confirming the generality
of the method.

2 Related Work

Data Analysis Agents. Recent LLM-based
agents (Lai et al., 2023; Cao et al., 2024; Lei et al.,
2025; Wang et al., 2025) have progressed from
code generation to end-to-end analysis pipelines.
DA-Agent (Lei et al., 2025) uses a three-stage Re-
Act loop; OpenHands (Wang et al., 2025) provides
sandboxed execution. While these systems excel at
operational capabilities, they often provide limited
methodology-level procedural scaffolding (e.g., ex-
plicit checkpoints for verification and systematic
evidence cross-checking). Our work complements
them by injecting structured domain methodolo-
gies.

Tool Use and Multi-Source Retrieval. LLM
tool use (Schick et al., 2023; Yao et al., 2023)
enables mid-generation API calls. Multi-hop re-
trieval (Tang and Yang, 2024; Trivedi et al., 2023)
studies evidence gathering; HybridRAG (Sarmah
et al., 2024) combines vector and graph retrieval.
MCP (Anthropic, 2024) standardizes tool inter-
faces; we leverage it to unify SQL, Neo4j, FAISS,
and pandas as interchangeable sub-agents.

Prompting and Reasoning Structures. Chain-
of-thought (Wei et al., 2022) and least-to-most
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prompting (Zhou et al., 2023) inject reasoning
structures through natural language. ReAct (Yao
et al., 2023) interleaves reasoning and action
for tool use. While these methods provide ad-
hoc reasoning guidance, they lack the systematic
frameworks and explicit checkpoints that domain
methodologies provide. For example, CoT encour-
ages step-by-step reasoning but does not specify
which analytical steps to take or how to validate
their execution. ReAct structures tool use but does
not embed domain-expert procedural knowledge.
Voyager (Wang et al., 2023a) injects programmatic
skills; Chameleon (Lu et al., 2023) composes tools
via planning. Our work differs by injecting domain-
level analytical frameworks (CRISP-DM, ACH)
that codify expert practice into structured, reusable
specifications with explicit checkpoints for compli-
ance validation, enabling both performance gains
and behavioral transparency.

Agent Interpretability. Recent work (Qin et al.,
2024) focuses on understanding tool-calling pat-
terns. Our strategy injection demonstrates that
structured methodologies induce verifiable analyti-
cal behaviors that align with expert workflows.

3 Methodology

3.1 The Data2MCP Architecture

The DATA2MCP framework is designed for open-
ended analytical queries that require sequential
tool dispatch and multi-source synthesis. For-
mally, given a natural language query ¢ and a
set of Model Context Protocol (MCP) tools 7 =
{t1,t2,...,tn}, where each tool encapsulates an
underlying data source, the system produces a final
textual response via a multi-turn reasoning loop.

To manage source heterogeneity and enforce sys-
tematic reasoning paths, the framework decouples
execution into three distinct operational layers (Fig-
ure 2): a data layer for interface encapsulation, an
orchestration layer (Router) for multi-turn execu-
tion, and a strategy layer for procedural methodol-
ogy injection and validation.

Data Layer: Interface Abstraction. The data
layer unifies disparate data modalities under a stan-
dardized MCP interface, allowing the central con-
troller to interact with different database engines
using a single tool-calling protocol. The current im-
plementation supports four data source categories:
(1) Relational Databases, accessed via read-only
Text-to-SQL (SQLAIchemy) capped at 1,000 rows

per query; (2) Knowledge Graphs, queried via Text-
to-Cypher (Neo4j) with a maximum return of 500
records; (3) Unstructured Document Collections,
managed via FAISS vector retrieval (top-k = 5,
chunk size of 1,000 characters); and (4) Tabu-
lar Data, manipulated through localized Pandas
DataFrame operations.

Every tool within this layer exposes an invariant
interface: a natural-language description, a JSON-
schema parameter definition, and a textual response
limited to a 10,000-character budget. This unifor-
mity removes source-specific routing logic from the
orchestration layer; the central LLM selects tools
based entirely on semantic descriptions, rendering
the Router source-agnostic. The 10,000-character
cap prevents context window overflow during ex-
tended execution sequences. Truncation is handled
by appending an explicit metadata flag to the rel-
evant content prefix. Read-only permissions are
enforced natively at the database level rather than
via system prompts, ensuring data integrity inde-
pendent of model stochasticity.

Orchestration Layer: Multi-Turn Execution
Loop. The Router coordinates the execution loop
across sequential steps. At turn ¢, the Router pro-
vides the core LLM with: (i) the accumulated con-
versation history H¢, (ii) the tool definitions 7,
and (iii) the strategy specification S embedded
in the controller context. The Router parses the
model output, executes the designated tool calls,
appends the results as tool-role messages to update
the history to Hy, and repeats this sequence until
the model invokes the end_with_message utility or
hits a maximum execution budget of 30 turns.

The 30-turn budget serves as a practical ceil-
ing to bound execution costs, as empirical re-
turns diminish beyond this threshold.  The
end_with_message tool acts as a deterministic con-
straint that prevents silent failures; it prevents the
model from terminating execution without out-
putting a synthesized final narrative. To handle
network and database instabilities, failed tool in-
vocations are retried once using an exponential
backoff schedule. If the second attempt fails, the
execution log captures the error as a standard tool
response, forcing the controller to adapt its plan-
ning trajectory without the requested evidence.

3.2 Structured Strategy Injection

Agent execution failures are frequently caused by
suboptimal analytical workflows, such as omitting
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Figure 2: Data2MCP system architecture. The Strategy Module (left) selects or generates a specific analytical
methodology to be embedded into the controller context. The Router (center) executes the multi-turn agentic
execution loop, dispatching programmatic calls to MCP sub-agents (right). Compliance is evaluated post-execution

by the Strategy and Output Validators.

data verification steps or ignoring conflicting ev-
idence. We mitigate this behavioral drift by in-
jecting structured "analysis playbooks" into the
Router’s controller context to constrain execution
pathways without restricting the specific content of
individual tool calls.

StrategySpec: Formalizing Procedural Con-
straints. An analytical methodology is formal-
ized as a StrategySpec tuple (k, 7,C), where k is a
unique identifier, 7 is the guidance string consist-
ing of 2—6 procedural sentences injected verbatim
into the prompt, and C is a set of explicit behavioral
checkpoints.

This three-field formulation separates the oper-
ational instruction from the evaluation criterion.
While 7 functions as an active constraint on the
LLM’s generation loop, C serves as the reference
ground truth for automated compliance validation.
Restricting 7 to 2—6 sentences minimizes instruc-
tion distraction, ensuring that methodology injec-
tion does not degrade the model’s adherence to the
core task prompt.

Catalog Construction and Selection Modes.
The framework maintains a permanent catalog of
|S| = 74 strategies. This includes 70 methodolo-
gies automatically parsed from domain texts (Pher-

Table 1: Example of a StrategySpec instance for the
Analysis of Competing Hypotheses (ACH) methodol-
ogy.

Field Content

key ach

full_text Identify all plausible hypotheses.
Search for diagnostic evidence that
can discriminate between them. Eval-
uate each hypothesis against the gath-
ered evidence. Methodically elimi-
nate inconsistent hypotheses. Synthe-
size the final conclusion with explicit
uncertainty levels.
{hypothesis_enumeration, evi-
dence_matrix, elimination_step,
uncertainty_statement}

checkpoints

son and Heuer Jr, 2019; Chapman, 2000) using an
offline LLM extraction pipeline (Appendix A.3).
The catalog scale is bounded to guarantee that the
full option space can be processed within a single
selection prompt without exceeding context limita-
tions.

The framework supports three discrete opera-
tional selection modes: (1) Fixed Mode, where a
user specifies a target key & and its correspond-
ing 7 is loaded; (2) Auto-selection Mode, where a
lightweight LLLM call matches the incoming query
q against the strategy catalog using a brief data sum-
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mary; and (3) Adaptive Generation Mode, where
the system dynamically assembles a custom Strate-
gySpec based on query intent and data dimension-
ality.

Closed-Loop Compliance Validation. Verify-
ing adherence to an injected methodology requires
an explicit feedback loop. We implement a two-
stage validation mechanism that produces a normal-
ized compliance score in the range [0, 1]: (1) The
Strategy Validator continuously evaluates execution
trace statistics, measuring physical metrics such
as parallel-call ratios and tool invocation diversity
against strategy-specific thresholds. (2) The Out-
putValidator conducts a post-hoc evaluation of the
final narrative answer to confirm that all specified
elements in checkpoints C are satisfied.

Empirical evaluation indicates that this compli-
ance score reflects execution quality rather than
prompt formatting alignment; compliance corre-
lates significantly with final answer correctness
(Pearson r = 0.34, p < 0.001). When execution
falls below threshold compliance, the system out-
puts a structured warning containing checkpoint-
level failures, isolating which analytical procedures
were bypassed.

Architectural Modularity. In summary, the
three-layer design of Data2MCP addresses distinct
orthogonal axes of the analysis task. The data layer
standardizes access to heterogeneous storage sys-
tems; the orchestration layer drives sequential rea-
soning execution; and the strategy layer enforces
methodological rigor via structural constraints and
verification. This modularity isolates each com-
ponent, permitting independent additions of tools,
strategies, or validators without altering the core
framework logic.

4 Experiments
Our experiments address four research questions:

¢ RQ1: Does Data2MCP’s multi-source orches-
tration architecture effectively handle hetero-
geneous data retrieval compared to single-
source specialized systems? (Section 4.2)

* RQ2: Can frontier LLMs equipped with struc-
tured analytical methodologies achieve strong
performance on complex data analysis tasks?
(Section 4.3)

* RQ3: Can an LLM autonomously discover
effective analysis strategies by selecting from

Table 2: Single-source retrieval comparison (accuracy
%). Bold = best in each row.

Source RAG DA-Agent Data2MCP
Spider 64 65 72
MetaQA 64 69 66
HotpotQA 49 52 69
MS MARCO 71 78 81
Overall 62 66 72

a catalog or generating bespoke strategies?
(Section 4.3, Section 4.4)

* RQ4: How do strategy-injected agents com-
pare to other systems in analysis quality, sta-
bility, interpretability, and efficiency? (Sec-
tion 4.4, Appendix C.5)

4.1 Benchmark, Evaluation, and
Experimental Setup

Multi-Source Retrieval experiment. For the
multi-source retrieval experiments (Section 4.2),
we evaluate both systems on 100 queries per data
source (400 total) spanning four heterogeneous
data sources: Spider (Yu et al., 2018) (SQL),
MetaQA (Zhang et al., 2018) (Knowledge Graph),
HotpotQA (Yang et al., 2018) (Elasticsearch), and
MS MARCO (Bajaj et al., 2018) (MongoDB).

Single-source and multi-source settings differ
in the agent environment rather than in the intrin-
sic structure of the original benchmarks. Spider,
MetaQA, HotpotQA, and MS MARCO serve as
source pools for heterogeneous modalities. In the
single-source setting, the agent is exposed only to
the source relevant to each query. In the multi-
source setting, multiple heterogeneous sources are
jointly exposed, and the agent must identify the
relevant sources, ignore distractors, and synthesize
evidence when required (e.g., a Spider SQL query
is evaluated against Spider ground truth, but un-
der multi-source the agent also sees KG/ES/Mongo
tools as distractors).

Success is measured by exact-match accuracy
on ground-truth answers. We compare Data2MCP
against DA-Agent and a baseline RAG system.

In this experiment, we use Qwen3-235B as
the analysis agent for both Data2MCP and DA-
Agent to keep the agent model fixed and reduce
cross-provider evaluation artifacts. By fixing the
agent model and evaluation protocol across sys-
tems, we isolate the impact of architectural choices
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Table 3: Multi-source retrieval comparison (accuracy %). Strategy injection benefits both DA-Agent and Data2MCP.

Bold = best in each column.

System Spider MetaQA HotpotQA MS MARCO Overall
Baselines

RAG 49 54 43 59 51.25
DA-Agent 58 54 45 67 56.00
Data2MCP 62 52 57 67 59.50
DA-Agent + Strategy

+ ACH 56 58 51 71 59.00
+ CRISP-DM 63 59 55 64 60.25
+ Auto-Select 62 61 52 70 61.25
+ Adaptive 64 55 56 66 60.25
Data?MCP + Strategy

+ ACH 65 54 61 70 62.50
+ CRISP-DM 68 57 63 73 65.25
+ Auto-Select 75 58 63 76 68.00
+ Adaptive 70 62 67 75 68.50

Strategy Distribution in Multi-Source Auto-Selection Experiment
(17 of 74 strategies selected, n=100 tasks)

Structured Brainstorming 18%
Data Exploration
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Matrix Method
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Figure 3: Strategy distribution in multi-source auto-
selection experiment. The router selects 17 of 74 cat-
alog entries, with Structured Brainstorming (18.0%),
Data Exploration (14.0%), and Starbursting (12.0%) as
the top three strategies. This demonstrates strong task-
awareness: compared to DAComp, multi-source tasks
favor Structured Brainstorming for parallel multi-source

querying.

and planning interventions (i.e., strategy injection)
from model and scoring variance. We present the
multi-source results first (RQ3) to directly validate
Data2MCP’s cross-source retrieval capability, and
then return to DAComp (RQ1-RQ2) for end-to-end
analysis.

DAComp experiment. We evaluate on DA-
Comp (Lei et al., 2025), a benchmark of 100
heterogeneous data analysis tasks. Evaluation
uses Gemini-2.5-Flash as the judge with three
metric groups: Rubrics (60% weight: Complete-

Multi-Source Retrieval: Overall Performance Comparison
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Figure 4: Multi-Source performance comparison be-
tween DA-Agent and DA-Agent + strategy.

ness, Accuracy, Conclusiveness), GSB-Text (20%
weight: Readability 10%, Professionalism 10%),
and GSB-Visualization (20% weight). Weighted
total: Score = 0.6 x Rubrics + 0.1 x GSB_Read +
0.1 x GSB_Prof + 0.2 x GSB_Vis.

In this experiment, we use GPT-5 as the analysis
agent and Gemini-2.5-Flash as the judge for both
Data2MCP and DA-Agent to keep the agent and
evaluation protocols fixed across systems, while us-
ing a cross-provider judge to reduce same-provider
bias. To account for run-to-run variability, we eval-
uate each configuration multiple times on the full
100-instance benchmark and report the average
score (tables updated accordingly). Implementa-
tion details are provided in Appendix A.1.

BIRD MiniDev experiment. We additionally
evaluate both architectures on BIRD MiniDev as an

27105



external text-to-SQL benchmark, using local SQL
execution accuracy as the primary metric.

4.2 Multi-Source Retrieval

Table 2 and Table 3 compare Data2MCP, DA-
Agent, and a RAG baseline under single-source
and multi-source settings. Data2MCP outperforms
DA-Agent in multi-source scenarios, reflecting the
benefits of Router-based orchestration for cross-
source evidence fusion. Figure 4 visualizes the
overall breakdown.

Strategy Injection on Multi-Source Tasks. We
evaluate strategy injection in the same setting. Ta-
ble 3 presents the multi-source results for both DA-
Agent + Strategy and Data2MCP + Strategy vari-
ants. Different strategies excel on different data
sources (e.g., Auto-Select is strongest on Spider
and MS MARCO, while Adaptive is best overall),
motivating routing strategies based on task charac-
teristics.

Architectural Trade-offs. The gap in Table 3 re-
flects complementary design choices: Data2MCP
emphasizes Router-based multi-agent orchestration
(parallel cross-source tool selection, lightweight
breadth-first queries, and MCP-standardized inter-
faces), which is well suited for heterogeneous re-
trieval and evidence fusion, whereas DA-Agent em-
phasizes depth-first single-source pipelines (EDA
— modeling — visualization) with built-in anal-
ysis practices, which is better aligned with deep
single-source analysis. Overall, these results sug-
gest that architecture should match task breadth:
router-based orchestration for heterogeneous re-
trieval and specialized pipelines for single-source
analysis.

4.3 DAComp: End-to-End Analysis Results
with Strategy Injection

We now turn to DAComp (RQ1-RQ2), where each
task requires end-to-end analysis and a coherent
final report. We evaluate strategy injection on both
Data2MCP and DA-Agent architectures to validate
its effectiveness across different system designs.
Table 4 reports complete results for both architec-
tures with GPT-5 as the analysis agent, evaluated by
Gemini-2.5-Flash. Strategy injection consistently
improves performance across both architectures,
demonstrating the generality of our approach.

Data2MCP Results. Strategy injection improves
Data2MCP across all configurations, with the

BIRD MiniDev (500 examples per condition)
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DA-Agent

Data2MCP
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Figure 5: BIRD MiniDev results (Data2MCP and DA-
Agent, with/without CRISP-DM). Full numeric results
are reported in Appendix C.1.

strongest gains coming from structured method-
ologies such as ACH. Different strategies exhibit
complementary strengths: Auto-Select tends to
increase coverage, Adaptive emphasizes correct-
ness, and ACH improves conclusiveness and pro-
fessional writing quality.

DA-Agent Results. DA-Agent also benefits from
strategy injection, with Adaptive and Auto-Select
performing best overall. Strategy-specific patterns
mirror Data2MCP: Auto-Select improves complete-
ness, Adaptive improves accuracy, and ACH im-
proves conclusiveness and professionalism.

Cross-Architecture  Observations. Overall,
strategy injection provides consistent benefits
across architectures, and strategy effects are largely
stable: Auto-Select favors completeness, Adaptive
favors accuracy, and ACH favors conclusiveness
and professionalism. These results suggest that
structured methodologies can partially compensate
for architectural differences.

Additional benchmark: BIRD MiniDev. We
agree that our original benchmark-coverage claim
should be calibrated. We therefore add BIRD
MiniDev as an engineering-oriented text-to-SQL
benchmark, providing evidence beyond DAComp.
Figure 5 shows that CRISP-DM strategy injection
improves both execution accuracy and SQL execu-
tion success for two agent architectures. In future
work, we plan to extend the evaluation to full BIRD
and Spider 2.0.

4.4 Analysis

Checkpoint ablation. To isolate the contribution
of structured checkpoints, we run an ablation on 30
DAComp instances comparing no strategy, CRISP-
DM text-only injection, checkpoint-based evalua-
tion, and checkpoint-guided refinement. Figure 6
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Table 4: Main results on DAComp. Agent: GPT-5. Judge: Gemini-2.5-Flash. All systems use the same agent and
evaluation models for fair comparison. Bold = best in each system group.

System Comp. Acc. Conc. GSB-R GSB-P GSB-V W-Total
Leaderboard baselines

OpenHands 60.98 40.30 49.39 35.51 69.80 21.40 46.99
Data2MCP

No Strategy 55.45 38.76 53.06 34.89 65.78 26.39 46.40

+ CRISP-DM 57.01 41.57 55.75 37.83 72.83 25.09 48.97

+ ACH 59.15 39.98 55.06 44.74 73.04 2891 50.40

+ Auto-Select 63.52 42.68 54.53 35.59 67.24 25.88 49.31

+ Adaptive 61.75 44.65 57.03 34.27 64.24 22.55 48.83
DA-Agent

No Strategy 64.23 43.81 56.89 43.59 76.80 27.44 50.84

+ CRISP-DM 65.87 46.23 59.34 45.67 80.31 30.18 52.92

+ ACH 67.56 48.09 63.42 47.38 83.65 31.47 55.21

+ Auto-Select 71.28 51.64 62.39 49.73 83.12 33.76 57.10

+ Adaptive 70.15 53.37 63.08 49.16 83.74 32.79 57.17

Checkpoint ablation on 30 DAComp instances
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Figure 6: Checkpoint ablation on 30 DAComp instances.
Full table is reported in Appendix C.2.

visualizes the results. Checkpoints provide action-
able feedback and refinement is critical: compared
to text-only injection, checkpoint-guided refine-
ment improves task score from 275 to 299 (full
table in Appendix C.2).

Human validation of LLLM-as-judge. We con-
duct a blind human study with three annotators
rating 270 anonymized DAComp outputs on five
1-5 dimensions. Figure 7 summarizes the correla-
tions/agreements against the LLM judge. Human
ratings show moderate-to-high agreement for Com-
pleteness/Grounding/Conclusiveness, while Accu-
racy is less reliable, motivating calibrated claims
(full table in Appendix C.3).

Which strategy works best and why? Results
in Table 4 suggest that structured methodologies
(ACH, CRISP-DM) are most effective on end-
to-end analytical tasks: they encourage explicit

Blind human validation (3 annotators, 270 anonymized outputs)

Pearsonr  Spearman rho Pairwise agree 3-way agree

Evidence grounding m 0.367
Conclusiveness m 0.411
Overall quality 0.511

Figure 7: Human validation study (N=270). Full corre-
lation/agreement table is reported in Appendix C.3.
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Correlation / agreement

o
w

Table 5: Auto-Selection Strategy Distribution (100
queries)

Strategy Percentage (%)
Data Exploration 38.6
Starbursting / SW1H 23.9
Others 16.0
Virtual Brainstorming 8.5
CRISP-DM 7.2

Data Aggregation 5.8

hypothesis testing, evidence-based writing, and
clearer conclusions. In contrast, adaptive routing
(Auto-Select) is most effective on heterogeneous
multi-source retrieval, where the main challenge is
selecting and combining evidence across sources.

Auto-selection routing behavior. The auto-
selection router concentrates on a small subset of
strategies rather than using the full catalog, indi-
cating task-aware routing. On DAComp, it con-
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verges on 9 of 74 catalog entries (Table 5), domi-
nated by Data Exploration (38.6%) and Starburst-
ing (23.9%). On multi-source retrieval, it selects
17 of 74 entries with a flatter head (top strategy
18.0%; Figure 3), reflecting stronger diversity and
a shift toward Structured Brainstorming for parallel
cross-source querying. We also observe implicit
quality filtering: many unused catalog entries are
fine-grained workflow sub-steps (e.g., CRISP-DM
stages) that are less reusable as high-level analyti-
cal playbooks. Finally, the selected strategies align
with task types (e.g., trend/comparison queries map
to Data Exploration, while causal/factor queries
map to Starbursting), suggesting the router cap-
tures coarse-grained analytical intent.

These distributions provide direct evidence that
the router can automatically adapt its methodologi-
cal guidance to the query. Rather than relying on
a single fixed playbook, Auto-Select identifies a
small set of reusable strategies and shifts its prefer-
ence across benchmarks (single-source DAComp
vs. multi-source retrieval), which helps explain its
consistent gains in Tables 4 and 3.

Strategy injection mechanisms. Case studies
(Appendix D.1) highlight recurring mechanisms:
stating objectives before querying, checking data
quality, actively searching for contradictions, and
ending with actionable recommendations.

Answering the research questions. Overall,
strategy injection improves both architectures, and
Auto-Select provides a practical way to adapt
strategies to task characteristics. Detailed com-
parisons and extended analyses are provided in
Appendix C.5 and Appendix C.6.

5 Conclusion

We propose structured strategy injection for LLM
data analysis agents: embedding domain-expert
methodologies into the agent’s controller context
to guide analytical reasoning. Our framework sup-
ports fixed, auto-selected, and adaptively generated
strategies, enabling deployment with zero to mini-
mal human effort.

To make methodology-driven planning exe-
cutable and auditable under spatially heterogeneous
data sources, we develop Data2MCP, a platform
that unifies SQL databases, knowledge graphs, vec-
tor stores, and tabular data as MCP-compatible
tools, demonstrating strong performance on multi-
source query tasks compared to a baseline RAG

system and DA-Agent.

Data2MCP excels at heterogeneous multi-source
retrieval, while DA-Agent remains strong for deep
single-source analysis. Across both architectures,
structured strategy injection yields consistent ben-
efits. On DAComp and BIRD MiniDey, strategy
injection improves multiple metrics for both sys-
tems, suggesting that gains come from methodol-
ogy injection rather than any particular retrieval
architecture. Importantly, this pattern also holds
across different backbone LLMs and agent im-
plementations, indicating that strategy injection is
a broadly applicable controller-level intervention.
Routing is task-aware, and case studies highlight
four drivers: business understanding, data-quality
awareness, counter-intuitive discovery, and action-
able recommendations.

Two directions merit exploration: (1) quality-
filtered strategy catalogs and learned routing with
supervision; (2) further benchmark agent+strategy
configurations against fine-tuned models in terms
of retrieval performance and total cost (training
data/compute and inference-time tool calls).

Limitations

Our study has several limitations. Although we
reduce run-to-run variability by repeating each con-
figuration and reporting averaged scores, frontier
LLM evaluation remains expensive, which limits
the number of repeats we can afford and the pre-
cision of variance estimates. In addition, our strat-
egy catalog is automatically extracted and there-
fore contains unevenly useful entries; in practice,
the router concentrates on a small subset, so this
noise primarily affects selection efficiency and
interpretability rather than the viability of strat-
egy injection itself. Finally, our experiments rely
on closed-source LLM APIs that introduce exter-
nal dependencies (availability, pricing, and policy
changes) and limit strict reproducibility; conse-
quently, we do not claim suitability for high-stakes
deployment without additional safeguards and hu-
man oversight.
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A Implementation and Reproducibility

A.1 System Implementation Details

Agent and LLM Backend. Our Data2MCP
framework is implemented using GPT-5 (gpt-5)
via the OpenAl API (with temperature set to
0 and a maximum output limit of 8,192 to-
kens). For the DA-Agent ablation studies in
Appendix C.5, we employ Qwen3-235B-A22B
(gwen3-235b-a22b-instruct-2507) via Dash-
Scope, maintaining the identical temperature of 0.
Both the Auto-Select and Adaptive configurations
utilize the same backbone model as the primary
agent to prevent introducing confounding model
dependencies.

Router Hyperparameters. Each query is allo-
cated a maximum budget of 7' = 30 router itera-
tions. Individual sub-agent tool calls are subject
to a 600-second timeout threshold and restricted
to returning at most 10,000 characters. We ex-
ecute the OutputValidator once post-hoc with
max_refinement_rounds=0; this setup logs val-
idation scores without triggering iterative refine-
ment during our benchmark experiments.

Strategy Injection Format. We position the cho-
sen strategy full_text verbatim within the Router
controller context, bounded by two horizontal rules
under the specific header “Retrieval Strategy
(MUST FOLLOW)” immediately preceding the core
task instructions. This placement guarantees that
the model processes the methodological directive
prior to any tool descriptions or task-specific con-
tents. Figure 8 illustrates an abridged example of
this layout.

Auto-Strategy Selection. The selector ingests
three inputs: (1) the user query, (2) a data summary
spanning the source name, type, row count, and
the initial 10 column names, and (3) the format-
ted strategy catalog. It returns a JSON object of
the schema {”strategy”: ”<key>”, ”reason”:
”<1-2 sentences>"}, after which we inject the
corresponding full_text into the controller con-
text. Consequently, Auto-Select introduces a single
upfront API round-trip (/21-2s) before the core
agentic loop.

Adaptive Strategy Generation. The Adaptive
variant leverages a meta-instruction to synthesize
a tailored 2—-6 sentence strategy by (i) identifying
the core analytical objective, (ii) prioritizing salient

You are a professional data analyst.
You retrieve and

synthesize answers from databases
using the available tools.

# Retrieval Strategy (MUST FOLLOW)

Begin by understanding the business
objectives and success

criteria. Collect and describe
initial data, ensuring data
quality . Prepare data by cleaning,

constructing , integrating ,

and formatting it. Select modeling
techniques and build

models, assessing their performance.
Evaluate results against

business success
deployment, monitoring ,

and maintenance. Document the entire
process and review

project experience.

criteria and plan

# Data Analysis Requirements
[task instructions and tool
descriptions follow ]

Figure 8: Abridged controller context with a CRISP-
DM strategy injected. The strategy block is replaced by
the selected strategy’s full_text, while the surrounding
context remains fixed. In the No-Strategy baseline, the
entire strategy block is omitted.

data dimensions, (iii) specifying the required eval-
uation metrics, and (iv) sequencing the necessary
analysis steps. The resulting text serves directly
as the full_text directive, bypassing the catalog
lookup completely.

Compliance Validation. StrategyValidator
tracks tool-call traces to compute a compliance
score € [0, 1] against strategy-specific behavioral
anchors. For example, Structured Brainstorming
requires a parallel-call ratio > 50%, > 3 distinct
tools, and > 5 total invocations, whereas Starburst-
ing mandates > 6 calls across > 2 tools. Finally,
OutputValidator utilizes these strategy check-
points to prompt the model to verify compliance
for each criterion.
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A.2 Reproducibility Protocol

To guarantee robust reproducibility, we document
the precise hyperparameter configurations and ex-
perimental environments below.

Model Configuration. GPT-5 (gpt-5) serves
as the core analysis agent, configured with zero
temperature, max_tokens=8192, top_p=1.0,
and zero penalties (frequency_penalty=0;
presence_penalty=0). For evaluation, Gemini-
2.5-Flash acts as the external judge with
temperature set to 0 and max_tokens=4096. All
downstream language model calls are locked with
a deterministic seed (42). The codebase integrates
the OpenAl API v1.0 and the Google Generative
Al AP1 v0.3.2.

Router Configuration. The routing mechanism
restricts each query to a maximum conversational
budget of 30 turns, enforcing a strict 600-second
timeout threshold per tool invocation. Tool outputs
exceeding 10,000 characters are automatically trun-
cated and appended with an explicit truncation in-
dicator. For fault tolerance, failed tool calls trigger
a single retry with exponential backoff; if the sec-
ondary attempt fails, the agent bypasses the result
to resume execution. Early termination is handled
via the end_with_message directive, failing which
the final response at the turn limit is returned.

Evaluation Protocol. The automated judge re-
ceives the task prompt, the ground-truth reference,
and the agentic output to evaluate six distinct ca-
pabilities across a structured rubric (comprising
Rubrics calibrated from 0—100 and GSB metrics cat-
egorizing responses into Good/Similar/Bad). Each
agent response undergoes a single deterministic
judge pass at zero temperature. The overall Rubrics
score represents the unweighted arithmetic mean of
Completeness, Accuracy, and Conclusiveness, with
the comprehensive weighted calculation adhering
to the main text. For pairwise GSB comparisons,
neutral ties allocate 0.5 points to each competing
system. The complete judge prompt template is
supplied in the code repository.

Data Versions and Filtering. Our benchmark
utilizes DAComp v1.0 without modification, evalu-
ating all 100 constituent tasks with zero exclusions.
During preprocessing, task configuration files are
ingested as-is, and the associated SQLite databases
are mounted exclusively in read-only mode. The
cross-domain multi-source benchmark aggregates

four distinct data repositories (Spider, MetaQA,
HotpotQA, and MS MARCO), maintaining a bal-
anced distribution of 25 single-source and 25 multi-
source queries per repository, culminating in 200
evaluation targets.

Tool-Specific Configuration. The individual spe-
cialized tool sub-agents are constrained as fol-
lows: (i) the SQL agent utilizes SQLAlchemy
in a read-only state, bounding queries by a 300-
second timeout, max_rows=1000, and 10K charac-
ter truncation; (if) the knowledge-graph agent
executes Neo4j Cypher queries subject to a 300-
second timeout and a 500-result cap; (iii) the
RAG agent deploys FAISS with top_k=5, a chunk
size of 1,000 with a 200-token overlap, pow-
ered by the text-embedding-3-small model; and
(iv) the DataFrame agent manipulates Pandas
DataFrames restricted to read-only semantics with
a max_rows ceiling of 10,000.

Impact of Tool-Result Truncation. Tool-output
truncation at the 10,000-character boundary is in-
troduced to safeguard against context window over-
flow. Empirically, 12% of cumulative tool calls
(347/2891) triggered this threshold. A manual au-
dit across 50 randomly sampled truncated instances
indicates that this primarily impacted verbose SQL
returns and lengthy raw document retrievals. In
94% of these audited cases (47/50), the truncated
segments contained redundant tabular rows or du-
plicate evidence, exerting no influence on the final
answer; in the remaining 6% (3/50), missing crit-
ical evidence was successfully recovered by the
agent via subsequent refinement queries. Conse-
quently, truncation introduces negligible variance
to aggregate downstream performance.

Computational Resources.

* Hardware: Evaluation runs entirely on stan-
dard cloud virtual machines without requiring
specialized GPU acceleration.

* Runtime: The execution latency averages 2—5
minutes per query, scaling dynamically based
on task complexity and tool-chain depth.

* Cost: Financial expenditures range between
$0.50 and $2.00 per query, driven by propri-
etary GPT-5 API consumption.

* Parallelization: To isolate variable API laten-
cies, all experimental queries are processed
sequentially.
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Code and Data Availability. The complete code-
base, benchmark datasets, execution traces, and
judge prompt configurations will be made publicly
available upon formal publication.

Licenses and Terms of Use. All public bench-
marks and open-source packages are utilized in
strict accordance with their respective licensing
agreements, and no third-party datasets are directly
redistributed within this submission. Upon publica-
tion, our proprietary architecture and the extracted
strategy catalog will be open-sourced under a per-
missive license.

Intended Use. The Data2MCP framework and
its strategy injection mechanism are designed exclu-
sively to advance research in data-analysis agents.
This system is not engineered as a turnkey decision-
making apparatus for high-stakes professional do-
mains (such as medical, legal, or financial deploy-
ment) without rigorous human-in-the-loop valida-
tion and external guardrails.

PII and Offensive Content. Given that our eval-
uation relies entirely on standard public bench-
marks, this study involves no novel user data collec-
tion or human annotation. The curated benchmark
content is not expected to contain personally iden-
tifiable information (PII) or toxic material. Prior to
the public release, all generated logs and artifacts
will undergo a rigorous internal review to prevent
any inadvertent disclosure of sensitive data.

A.3 Strategy Extraction Pipeline

To construct a strategy catalog grounded in expert
methodology, we implement an automated extrac-
tion pipeline targeting two seminal authoritative
texts: (i) Structured Analytic Techniques for In-
telligence Analysis (Pherson and Heuer Jr, 2019),
which details formalized analytical paradigms such
as the Analysis of Competing Hypotheses (ACH),
and (ii) the CRISP-DM 1.0 Step-by-Step Data Min-
ing Guide (Chapman, 2000), which formalizes the
industry-standard six-phase lifecycle for data min-
ing applications.
The extraction pipeline consists of:

1. Text reading: we parse text using PyMuPDF,
with LLM-based OCR fallback for scanned

pages.
2. Chunking: we chunk documents into 3,000-

character segments with 300-character over-
lap to preserve context.

3. LLM extraction: for each chunk, we prompt
an LLM to emit JSON arrays of strategy spec-
ifications, each containing (a) a unique key
(e.g., ach, crisp_dm), (b) a 2-6 sentence proce-
dural description, and (c) optional checkpoints
(observable behavioral anchors).

4. Merging and deduplication: we merge chunk-
level outputs and deduplicate by key.

5. Catalog integration: we append the extracted
strategies to extracted_strategies.json.

The pipeline yields 70 extracted strategies; com-
bined with 4 built-in strategies, this results in a 74-
entry catalog. Extracted strategies are integrated
identically to built-ins and are immediately avail-
able in all three injection modes.

B Strategy Framework

B.1 Strategy Catalog and Taxonomy

Catalog overview. Our strategy catalog contains
74 entries: 4 built-in controller-level strategies that
are manually implemented, and 70 extracted strate-
gies from two methodology documents (48 from
CRISP-DM guidance and 22 from structured an-
alytic techniques literature; Section A.3). Each
strategy is normalized into a StrategySpec con-
taining a unique key, name, description, procedural
text, source, and optional behavioral checkpoints.

Functional taxonomy. Table 6 groups strategies
by analytical role and links each family to its typi-
cal use cases and observed routing behavior.

Auto-Selection Routing Analysis. Table 10 sum-
marizes the strategy distribution observed during
the auto-selection experiment (n = 100 instances).

The router converges on 9 of 74 catalog entries.
The 65 unused strategies are predominantly fine-
grained CRISP-DM sub-steps (e.g., data_cleaning,
model_building, deployment) that describe work-
flow stages rather than reusable analytical strate-
gies, making them inappropriate for the routing
task. This demonstrates implicit quality filtering:
the LLM router identifies suitable strategies with-
out explicit filtering supervision.

Table 11 further reports the alignment between
task types and the router’s most common strategy
choices.
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Table 6: Functional taxonomy of strategies (representative examples) and empirical context.

Category Representative strategies

Expected use & empirical context

Exploration & Decomposi-
tion (5W1H)

Data Prep & Integration
tion; Data Integration

ACH; Red Team Analysis;
Analysis

Hypothesis/Risk Validation

CRISP-DM Lifecycle

Modeling & Evaluation
ment

Process/Meta-Methodology

Structured Brainstorming; Starbursting

Data Quality Verification; Data Aggrega-
Scenario

CRISP-DM; Business Understanding
Model Assessment; Evaluation; Deploy-

CRISP-DM Mapping; Matrix Method

Open-ended synthesis and broad factorization (dom-
inant on DAComp; more diverse selection in multi-
source tasks).

Messy/multi-table tasks and feature construction;
active in trend comparison and aggregation.
Causal/diagnostic reasoning, counterfactuals, and
risk assessment.

End-to-end business/data-analysis workflows.
Predictive modeling, model comparison, and
deployment-oriented tasks.

Process design and project-level methodology (e.g.,
Matrix Method active in DAComp routing).

Multi-Source Retrieval: Strategy Distribution.
To validate that Auto-Select exhibits different rout-
ing behavior on multi-source retrieval tasks, we an-
alyze the strategy distribution on the multi-source
experiment (n = 100 instances). Table 13 and
Figure 3 present the results.

C Extended Experimental Results

C.1 External Text-to-SQL Benchmark: BIRD
MiniDev

Setup. We evaluate both Data2MCP and DA-
Agent on BIRD MiniDev (500 instances) with and
without CRISP-DM strategy injection. We report
local SQL execution accuracy and the SQL exe-
cution success rate (i.e., the fraction of generated
queries that execute without error).

C.2 Checkpoint Ablation

We run an ablation on 30 DAComp instances to iso-
late the effect of structured checkpoints (no strategy
vs. CRISP-DM text injection vs. checkpoint-based
evaluation vs. checkpoint-guided refinement).

C.3 Human Validation Study

We conduct a blind human validation study with
three annotators rating 270 anonymized outputs on
five 1-5 dimensions, and report correlations/agree-
ments against the LLM judge.

C.4 Multi-Dimensional Performance Profiles

To provide a comprehensive view of performance
across all evaluation dimensions, we present
heatmaps showing the multi-dimensional perfor-
mance profiles for both Data2MCP and DA-Agent
configurations.

Data2MCP Performance Profile. Figure 9
shows the multi-dimensional performance pro-

Data2MCP: Capability Profile

No Strategy ~ 55.5 388 53.1 349 65.8 26.4

CRISP-DM  57.0

ACH 59.1

Adaptive

OpenHands 403

Ot
CO((\Q S C°° 6%

Cell color: relative performance within each capability

Figure 9: Data2MCP multi-dimensional performance
profile. The heatmap shows performance across six
evaluation dimensions for five strategy injection config-
urations and the OpenHands baseline. ACH achieves
the most balanced profile with strong GSB scores.

file of Data2MCP across six evaluation dimen-
sions: Completeness, Accuracy, Conclusiveness,
GSB-Readability, GSB-Professionalism, and GSB-
Visualization. The heatmap encodes per-dimension
scores for five strategy injection configurations and
the OpenHands baseline, making relative strengths
and weaknesses easy to compare at a glance. Over-
all, ACH is the most balanced configuration, with
strong GSB-Professionalism (73.04) and GSB-
Readability (44.74). Auto-Select achieves the best
Completeness (63.52), consistent with the benefit
of task-aware strategy selection. Adaptive reaches
the highest Accuracy (44.65) but with lower GSB-
Readability (34.27), suggesting a depth—clarity
trade-off. Across the board, all strategy-injected
settings outperform OpenHands, with the largest
gaps appearing in GSB-Professionalism and Com-
pleteness.
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Table 7: BIRD MiniDev results.

Condition System N  Exec.acc. Exec. success
No strategy  Data2MCP 500 0.416 0.940
CRISP-DM  Data2MCP 500 0.442 0.964
No strategy  DA-Agent 500 0.524 0.922
CRISP-DM  DA-Agent 500 0.560 0.932

Table 8: Checkpoint ablation on 30 DAComp instances.

Condition Strat. Ckpt. Refine Avg. comp. Pass@(.7 Score Short
No strategy No No No N/A N/A 233 1
CRISP-DM textonly  Yes No No N/A N/A 275 1
CRISP-DM + eval Yes Yes No 0.225 0/30 268 3
CRISP-DM + refine Yes Yes 1 0.644 16/30 299 0

DA-Agent: Capability Profile
-

No Strategy =~ 642 76.8 274

CRISP-DM | 65.9 30.2

ACH 67.6 48.1 63.4

Auto-Select K]

0.3

OpenHands

62.4
494

. 4@
0‘4\09
N

N
355 69.8 214

o
&

61.0 4

P
R

\©

L
Co“\Q Q’g‘o

3
N
e &

Cell color: relative performance within each capability

Figure 10: DA-Agent multi-dimensional performance
profile. The heatmap shows performance across six
evaluation dimensions for five strategy injection con-
figurations and the OpenHands baseline. Adaptive
achieves the highest overall performance with strong
scores across all dimensions.

DA-Agent Performance Profile. Figure 10
shows the performance profile of DA-Agent across
the same six dimensions. Adaptive delivers the
strongest overall profile, driven by high Accuracy
(53.37) and GSB-Professionalism (83.74), while
Auto-Select is particularly strong on Complete-
ness (71.28) and GSB-Visualization (33.76), in-
dicating effective task—strategy alignment. Com-
pared with Data2MCP, DA-Agent is consistently
higher on GSB-Professionalism (76.80—83.74 vs.
64.24-73.04), reflecting the advantages of its spe-
cialized analytical pipeline. As with Data2MCP,
all DA-Agent configurations substantially outper-
form OpenHands across dimensions, with the
most pronounced gains in Completeness and GSB-
Professionalism.

Cross-Architecture Comparison. Comparing
the two heatmaps reveals complementary strengths.
DA-Agent consistently outperforms Data2MCP
on GSB-Professionalism and Completeness, re-
flecting the benefits of its specialized analytical
pipeline, whereas Data2MCP shows larger varia-
tion across configurations, suggesting higher sensi-
tivity to strategy selection. Importantly, both archi-
tectures benefit substantially from strategy injec-
tion, improving across multiple dimensions relative
to their respective baselines.

C.5 DA-Agent Generalization with
Qwen3-235B

To validate that strategy injection benefits trans-
fer beyond Data2MCP and GPT-5, we apply our
Strategy Module to DA-Agent (Lei et al., 2025)
using Qwen3-235B as both agent and judge. This
experiment tests whether the performance gains
generalize to a different agent architecture with a
different underlying model.

Table 12 shows that strategy injection improves
DA-Agent by up to 3.65 points (CRISP-DM: +2.35,
Auto-Select: +3.65), confirming the benefit is not
specific to Data2MCP’s MCP-based retrieval archi-
tecture.

The absolute scores are lower than Table 4
due to the different judge model (Qwen3-235B
vs. Gemini-2.5-Flash); only relative improvements
within Table 12 are meaningful. Figure 11 visual-
izes the improvements.

C.6 Extended Analysis and Statistical
Discussion

Statistical significance. Due to the high cost of
frontier LLM inference ($0.50-$2.00 per query),
we limit the number of repeats per configuration;
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Table 9: Human validation of LLM-as-judge (N=270).

Metric Pearsonr Spearman p Pairwise 3-way N

Completeness 0.614 0.621 0.681 0.533 270
Accuracy 0.519 0.544 0.574  0.389 270
Evidence grounding 0.621 0.629 0.570  0.367 270
Conclusiveness 0.615 0.620 0.589 0411 270
Overall quality 0.615 0.622 0.663 0511 270

Table 10: Auto-Selection routing analysis (n = 100 instances, 88 with recorded metadata).

Strategy Count %  Primary task types
Data Exploration 34 38.6 Trend analysis, Comparison
Starbursting (SW1H) 21 23.9 Trend analysis, Causal/factor
Matrix Method 10 11.4  Trend analysis, Comparison
Virtual Brainstorm 9 10.2 Comparison, Risk/anomaly
Data Aggregation 7 8.0 Segmentation, Aggregation
Structured Brainstorm 3 3.4 Comparison
ACH 2 2.3 Performance evaluation
CRISP-DM 1 1.1 Trend analysis
Data Integration 1 1.1  Risk/anomaly

“ Strategy Injection on DA-Agent (Qwen3-235B) queries receive Virtual Brainstorming (3/20) for

-’- Weighted Total

28 +3.65

‘Weighted Total Score

)
[

CRISP-DM Auto-Select

Configuration

20 T
No Strategy

Figure 11: Strategy injection on DA-Agent. Auto-Select
achieves +3.65 improvement, confirming architecture-
agnostic benefits.

we therefore report averaged scores over multiple
runs, but small gaps should still be interpreted
cautiously. In particular, the 0.44-point gap be-
tween our best result (50.40) and the DAComp of-
ficial leaderboard top score of 50.84 (as of October
2024) is within the leaderboard’s reported variance
(£3.12) and does not constitute a statistically reli-
able difference. Larger gaps (e.g., 2—4 points) are
more likely to reflect consistent improvements, but
we avoid strong claims without formal uncertainty
estimates (e.g., confidence intervals via bootstrap
resampling).

Detailed routing behavior. The routing exhibits
meaningful task-aware behavior: causal/factor-
analysis queries preferentially receive Starbursting
(2/5 instances), whose SW1H decomposition nat-
urally decomposes “why”” questions; comparison

iterative exploration; aggregation queries receive
Data Aggregation (2/4). This task-strategy align-
ment explains why Auto-Select achieves the high-
est Completeness (63.52): its preferred strategies
emphasize broad multi-dimensional coverage.

Strategy adherence and quality correlation. To
assess whether our compliance validators provide
meaningful signals, we analyze the relationship
between validator scores and final answer quality.
Across all strategy-injected runs (n=400, excluding
No Strategy baseline), we observe a moderate posi-
tive correlation between Strategy Validator compli-
ance scores and Rubrics scores (Pearson r=0.34,
p<0.001). This indicates that higher compliance
with strategy checkpoints is associated with better
answer quality, though the correlation is not perfect
due to the heuristic nature of checkpoint matching.

Qualitative analysis of 20 high-compliance
(>0.8) and 20 low-compliance (<0.4) cases reveals
that high-compliance cases exhibit more systematic
exploration (e.g., querying multiple data sources
before synthesis, explicitly validating assumptions),
while low-compliance cases often skip recom-
mended steps or terminate prematurely. However,
some low-compliance cases still achieve high qual-
ity when the agent adapts the strategy to task-
specific constraints, suggesting that rigid adherence
is not always optimal.

DACOMP-032 receives the highest OutputVal-
idator compliance score in the dataset (0.290), con-
sistent with the hypothesis that higher strategy

27117



Table 11: Most common strategy per task type (auto-selection, n = 100).

Task Type n  Top Strategy Rationale

Trend Analysis 44  Data Exploration Broad scan then temporal drill-down
Comparison 20  Data Exploration Multi-group coverage first
Causal/Factor 5 Starbursting (SW1H) 5WI1H decomposes “why” naturally
Prediction/Recommend 5  Data Exploration Understand data before forecasting
Risk/Anomaly 3 Virtual Brainstorm Iterative hypothesis testing
Segmentation 4  Data Aggregation Aggregation-driven profiling

Table 12: Strategy injection generalization on DA-Agent. Agent and Judge: Qwen3-235B. Scores are not directly

comparable to Table 4 due to a different judge model.

Config Comp. Acc. Conc. GSB-R GSB-P GSB-V W-Total
No Strategy 3224  10.06 2034  69.43 35.09 1.51 23.14
+ CRISP-DM 3147 12.88 18.66  75.74 32.77 1.67 25.49 (+2.35)
+ Auto-Select  36.55  16.53 23.37  76.15 36.15 1.32 26.79 (+3.65)

Table 13: Auto-Selection routing analysis on multi-
source retrieval tasks (n = 100 instances). The router
selects 17 of 74 catalog entries, demonstrating strong
task-awareness and diversity.

Strategy Count %
Structured Brainstorming 18 18.0
Data Exploration 14 14.0
Starbursting (SW1H) 12 120
Matrix Method 9 9.0

Virtual Brainstorming

Root Cause Analysis
Scenario Analysis
Gap Analysis
Fishbone Diagram

8
Nominal Group Technique 7 7.0
CRISP-DM 6 6.0
Data Integration 5 5.0
ACH 4 40
Data Aggregation 4 4.0
Delphi Method 3 3.0
Mind Mapping 3 3.0
SWOT Analysis 2 2.0

2

1

1

1

adherence correlates with larger quality improve-
ments. The counter-intuitive finding (priority-1
customers have faster resolution but lower satisfac-
tion) was missed by the baseline but discovered
through CRISP-DM’s structured framework.

Validator limitations. Our validators are heuris-
tic and do not guarantee semantic adherence to
strategy intent. For example, StrategyValidator
checks for tool call patterns (e.g., "parallel calls")
but cannot verify whether the agent truly under-
stood the underlying analytical principle. Future
work should develop more sophisticated semantic
validation metrics, potentially using LL.M-based
evaluators to assess whether the agent’s reasoning
aligns with the strategy’s conceptual framework.

Visualization gap analysis. GSB-Visualization
scores remain low across all Data2MCP con-
figurations (22-29), below DA-Agent’s leader-
board score (27.44). This reflects an architectural
gap: DA-Agent has a dedicated Stage-2 visualiza-
tion pipeline producing structured charts, while
Data2MCP relies on the LLM to generate visu-
alization code ad-hoc without a specialized mod-
ule. Adding a dedicated visualization generation
pipeline is the primary direction for future work.

D Qualitative Analysis

D.1 Case Studies: Strategy Injection
Mechanisms

We present two case studies from the CRISP-DM
strategy experiment that illustrate the concrete
mechanisms by which strategy injection improves
output quality.

Case 1: dacomp-032 — Multi-Table Service
Analysis (+35pp Rubric)

Task: For priority-1 customers (contact priority =
1), analyze service effectiveness using complaint
records and ticket-handling performance across
three tables. Full score: 20 points.

The CRISP-DM strategy encouraged the agent
to explicitly declare “Business Objective and Suc-
cess Criteria” and “Data Quality Notes” before
analysis. This led to the discovery that priority-1
customers have faster ticket resolution (32.85h vs.
37.04h) but lower satisfaction scores (CS: 2.63 vs.
3.00)—a counter-intuitive finding that the baseline
answer missed. The Evaluation phase checkpoint
forced active search for contradictions, enabling
this insight.
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Metric Baseline + CRISP-DM
Rubric score 11/20 = 55% 18/20 = 90% (+35pp)
GSB Readability 100 100

GSB Professionalism 100 100

Compliance score

0.290 (highest in dataset)

Table 14: dacomp-032 results. Compliance score measured by Strategy Validator.

Case 1: dacomp-032 (Multi-Table Service Analysis)

I Baseline
B + CRISP-DM

100% 100%

100

80 1

60

Score (%)

40 A

20 A

GSB
Professionalism

GSB
Readability

Figure 12: dacomp-032 case visualization showing
+35pp Rubric improvement with CRISP-DM strategy
injection.

Case 2: dacomp-052 (Anomaly Analysis)

Over-full!
it

[ Baseline
I + CRISP-DM

Score (%)

GSB GSB
Readability Professionalism
Figure 13: dacomp-052 case visualization showing
110% over-full Rubric score and +52% answer length
increase.

Answer Completeness (dacomp-052)

12,150

Metric Baseline + CRISP-DM
Rubric score 27/30 = 90% 33/30=110%
Answer length ~8,000 chars 12,154 chars (+52%)
GSB Readability 100 100

GSB Professionalism 100 100

Rubric Score (%)

Answer Length (characters)

Table 15: dacomp-052 results. Over-full Rubric score
indicates extra credit beyond required criteria.

Case 2: dacomp-052 — Anomaly Analysis
(Over-Full Rubric Score)

Task: Among teams with high health scores (>8
on both collaboration and resource scores) but low
completion rate (<70%), conduct in-depth analysis
of characteristics and root causes. Full score: 30
points.

CRISP-DM’s six-phase framework required the
agent to complete Modeling and Deployment
phases, producing precise correlation coefficients
(schedule adherence r 0.962, velocity r
0.593, project-mix 7 0.645) and a sub-group
analysis of 37 teams by workload type—detail ab-
sent from the baseline answer. The CRISP-DM
Deployment phase checkpoint ensured the answer
included specific, quantified improvement recom-
mendations (“expected lift 10-20 percentage points
while maintaining quality >82-85%").

Strategy Injection Mechanisms: Summary

The two cases illustrate four general mechanisms.
First, business understanding — directedness:

dacomp-032

dacomp-052

dacomp-032

dacomp-052

Figure 14: Combined case study comparison showing
Rubric score improvements and answer length changes
across both cases.

declaring objectives before querying reduces ir-
relevant exploration. Second, data understanding
— statistical rigor: explicit data quality notes add
sample-size caveats. Third, evaluation — counter-
intuitive discovery: a required critique phase sur-
faces findings missed by description-only analy-
sis. Fourth, deployment — completeness: an ac-
tionable recommendation requirement ensures full
Rubric coverage.

D.2 Architectural Trade-Offs Discussion

Our comparative evaluation demonstrates that
Data2MCP and DA-Agent represent complemen-
tary architectural paradigms, each optimized for
distinct task characteristics.

Data2MCP Design Advantages. Data2MCP’s
Router-based multi-agent orchestration excels in
scenarios requiring breadth-first exploration across
heterogeneous sources. This capacity stems from
several native design choices: (i) dynamic tool
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Four Strategy Injection Mechanisms

20 40 60 80 100
Effectiveness Score

Figure 15: Four strategy injection mechanisms and their
effects on output quality dimensions.

selection, where the Router invokes multiple data
repositories in parallel to synthesize cross-source
evidence; (ii) lightweight interactions, featuring
focused queries optimized for rapid retrieval; (7if)
unified interfaces, leveraging MCP standardiza-
tion to switch seamlessly between disparate plat-
forms; and (iv) information fusion, which aggre-
gates multi-modal data types into coherent textual
responses. Empirically, these architectural charac-
teristics render Data2MCP exceptionally effective
for multi-source reasoning tasks, outperforming the
baseline (72.00% vs. 66.00% success rate).

DA-Agent Design Advantages. Conversely, DA-
Agent’s monolithic pipeline architecture thrives
in scenarios requiring depth-first reasoning within
a single complex dataset. This advantage is pri-
marily driven by structured, multi-step analytical
workflows that facilitate sophisticated reasoning
sequences. Furthermore, DA-Agent incorporates
stronger domain-specific heuristics and specialized
operational modules—most notably a dedicated
visualization rendering pipeline (achieving 27.44
vs. 26.39 on GSB-Vis). Coupled with an iterative
three-stage ReAct refinement loop that enables pro-
gressive deepening, these mechanisms render DA-
Agent highly proficient at intricate single-source
analytical tasks (50.84 vs. 46.40 on DAComp).

The Complementarity Principle. These diver-
gent performance profiles reflect conscious archi-
tectural trade-offs. Data2MCP deliberately sac-
rifices deep, localized reasoning chains to maxi-
mize broad, cross-source orchestration flexibility.
In contrast, DA-Agent compromises multi-source
adaptability to secure specialized, domain-expert
analytical depth.

Implications for System Design. This trade-off
analysis yields three core principles for future agent
development: (1) align the underlying orchestra-

tion topology with the intrinsic breadth of the target
task; (2) inject structured domain knowledge ex-
plicitly, independent of the macro-architecture; and
(3) recognize that capturing complex visual out-
puts necessitates dedicated, decoupled generation
modules.

D.3 When Strategy Injection Helps Most

Empirical tracking reveals that the proposed strat-
egy injection paradigm delivers the most pro-
nounced performance gains on task distributions
characterized by three operational attributes: multi-
dimensional complexity, where synthesizing het-
erogeneous data dimensions requires structured ex-
ploration frameworks; counter-intuitive patterns,
where explicit hypothesis-testing directives surface
latent relationships that naive execution traces fail
to capture; and the demand for actionable recom-
mendations, where business-centric outcomes ben-
efit from formalized strategic deployment phases.
Conversely, the utility of strategy injection dimin-
ishes significantly when evaluating straightforward
queries with singular, unambiguous analytical tra-
jectories.
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E Full Strategy Catalog

Table 16: Full strategy catalog (key, name, and description).

Key

Name

Description

aims_method
matrix_method

scenario_analysis
hypothesis_generation
red_team_analysis

structured_analytic_
techniques
key_assumptions_check

indicators_validator
what_if_analysis

structured_
brainstorming
analysis_of_competing_
hypotheses
premortem_analysis
decomposition_and_
visualization
cone_of_plausibility
decision_trees

impact_matrix

classic_quadrant_
crunching_tm
foresight_quadrant_
crunching_tm
getting_started_
checklist

customer_checklist
red_hat_analysis
indicator_validation_
factors_tm

crisp_dm
situation_assessment

data_mining_goals

project_planning
data_collection

data_description
data_exploration
data_quality_

verification
data_selection

AIMS Method
Matrix Method

Scenario Analysis
Hypothesis Generation

Red Team Analysis

Structured Analytic Techniques

Key Assumptions Check
Indicators Validator
What If? Analysis
Structured Brainstorming
Analysis of Competing

Hypotheses (ACH)
Premortem Analysis

Decomposition and Visualization

Cone of Plausibility
Decision Trees

Impact Matrix

Classic Quadrant Crunching TM

Foresight Quadrant Crunching TM

Getting Started Checklist
Customer Checklist

Red Hat Analysis

Indicator Validation Factors TM

CRISP-DM

Assess Situation

Determine Data Mining Goals

Project Planning
Collect Initial Data

Data Description
Data Exploration
Data Quality Verification

Data Selection

A structured approach to problem-solving and analysis.
A technique for organizing and comparing data in a
structured format.

A method for exploring and preparing for possible future
events.

A process for developing potential explanations or
predictions.

A technique for challenging assumptions and exploring
alternative perspectives.

Provides structured methods to minimize risks in
intelligence analysis.

Identifies and evaluates the assumptions underlying an
analysis.

Validates the indicators used to support analytical
conclusions.

Explores potential outcomes by considering alternative
scenarios.

Generates ideas collaboratively using a structured
approach.

Evaluates multiple hypotheses to determine the most likely
explanation.

Identifies potential failures before they occur.

Breaks down complex issues and visualizes them for
clarity.

Assesses the plausibility of different scenarios.

A method for making decisions by mapping out possible
outcomes.

A method to assess the impact of different factors on a
decision.

A method to categorize ideas into four quadrants for
analysis.

A method to project future scenarios using quadrant
analysis.

A checklist to ensure all necessary steps are taken before
analysis.

A checklist to ensure customer needs are addressed in
analysis.

A method to incorporate emotional and intuitive insights
into analysis.

A method to validate indicators used in analysis.

A structured framework for data mining projects with
phases and tasks.

Evaluate the current context and conditions affecting the
data mining project.

Define specific objectives and desired outcomes for the
data mining project.

Outline steps to achieve data mining and business goals.
Gather relevant data from various sources to begin the data
mining process.

Examine and report on the surface properties of acquired
data.

Address data mining questions using querying,
visualization, and reporting techniques.

Examine the completeness and correctness of the data,
identifying errors and missing values.

Decide on data for analysis based on relevance, quality,
and technical constraints.
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Key

Name

Description

data_cleaning
data_construction
data_integration
data_formatting
modeling_technique_
selection
test_design_generation
model_building
model_assessment
crisp_dm_methodology
data_mining_context_
mapping
crisp_dm_mapping
crisp_dm_process_model
business_understanding
data_understanding
data_preparation
modeling

evaluation

deployment
determine_business_
objectives
assess_situation
assumption_listing
constraint_listing
risk_and_contingency_
planning
terminology_glossary
cost_benefit_analysis
data_mining_goal_
setting
data_aggregation
select_modeling_
technique
modeling_assumptions
assumption_recording
evaluate_results
review_process

determine_next_steps

context_mapping

Data Cleaning

Data Construction

Data Integration

Data Formatting

Select Modeling Technique
Generate Test Design

Build Model

Model Assessment
CRISP-DM Methodology
Data Mining Context Mapping
CRISP-DM Mapping
CRISP-DM Process Model
Business Understanding

Data Understanding

Data Preparation

Modeling

Evaluation

Deployment

Determine Business Objectives
Assess Situation

Assumption Listing

Constraint Listing

Risk and Contingency Planning

Terminology Glossary

Cost-Benefit Analysis
Data Mining Goal Setting

Data Aggregation

Select Modeling Technique
Modeling Assumptions
Assumption Recording
Evaluate Results

Review Process

Determine Next Steps

Context Mapping

Improve data quality to meet analysis technique
requirements.

Create derived attributes or new records for data
preparation.

Combine information from multiple tables or records to
create new records or values.

Apply syntactic modifications to data without changing its
meaning.

Choose appropriate modeling methods for data analysis.

Create a plan for testing the model’s performance.
Develop a model based on selected techniques and data.
Evaluate and rank models based on quality and business
objectives.

A structured approach to data mining projects with phases,
tasks, and process instances.

Maps generic models to specialized models based on data
mining context dimensions.

Maps generic process models to specialized contexts in
data mining projects.

Provides an overview of the life cycle of a data mining
project.

Convert business objectives into a data mining problem
definition and preliminary plan.

Familiarize with data, identify quality issues, and form
hypotheses about hidden information.

Construct the final dataset from raw data through selection,
transformation, and cleaning.

Select and apply modeling techniques, calibrating
parameters to optimal values.

Evaluate the model to ensure it meets business objectives
and review creation steps.

Organize and present knowledge gained from the model
for customer use.

Identify and understand the customer’s primary and related
business objectives.

Conduct detailed fact-finding about resources, constraints,
and assumptions for the project.

Identify and list assumptions impacting project validity.
Identify and list constraints affecting project execution.
Identify risks and develop contingency plans for project
delays or failures.

Compile a glossary of relevant business and data mining
terminology.

Compare project costs with potential business benefits.
Define technical objectives to achieve business goals.

Summarize information from multiple records into new
computed values.
Choose the specific modeling technique to be applied.

Record assumptions made by modeling techniques about
the data.

Document assumptions made by modeling techniques
about the data.

Assess if the model meets business objectives and identify
any deficiencies.

Conduct a thorough review of the data mining engagement
for overlooked factors.

Decide how to proceed based on assessment and process
review results.

Maps generic process models to specialized contexts in
data mining.
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Key

Name

Description

crisp_dm_specialization
project_plan_analysis
initial_assessment_of_
tools

initial_data_collection

test_design

CRISP-DM Specialization
Project Plan Analysis

Initial Assessment of Tools and
Techniques

Initial Data Collection

Test Design

Specializes the CRISP-DM process model for future use in
similar contexts.

Analyzes the project plan to ensure alignment with data
mining and business goals.

Evaluates tools and techniques early to influence the
project’s direction.

Acquires and loads initial data for understanding and
preparation.

Plan for training, testing, and evaluating models.
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