[bookmark: _Toc232863540]Comparative benchmarking of AI research agents for omics data interpretation
Nikita V. Basov 1, &, Yosef K. Tirta 1,2, &, Zihan Li 1,3, Huan Zhou 4 and Kyril D. Piatkevich 1, *
[bookmark: _Toc232863541][bookmark: Xccd58b19c4c68899d2b76deb6cad8dbc8f830cd][bookmark: supplementary-methods]Supplementary Methods
Step-by-Step Algorithm of the AI-Agent Omics Benchmarking Framework
Table of Contents
Step-by-Step Algorithm of the AI-Agent Omics Benchmarking Framework	1
Master sequence (data-flow overview)	3
Note on algorithm description and implementation	3
Section A. Ingestion and feature extraction	5
Algorithm 1	6
Algorithm 2	7
Algorithm 3	8
Algorithm 4	8
Algorithm 5	9
Algorithm 6	9
Section B. Embedding generation	12
Algorithm 7	12
Algorithm 8	13
Algorithm 9	14
Algorithm 10	14
Algorithm 11	15
Section C. Pairwise similarity, reproducibility, and dimensionality reduction	15
Algorithm 12	16
Algorithm 13	17
Algorithm 14	17
Algorithm 15	18
Algorithm 16	19
Section D. Proxy AgentScore and domain-aware grading	21
Algorithm 18	22
Algorithm 19	23
Algorithm 21	25
Section E. Monte-Carlo satellites around agent centroids	26
Algorithm 23	27
Section F. Bootstrap uncertainty quantification	28
Algorithm 24	29
Section G. Inter-agent reliability	30
Algorithm 25	31
Section H. Outputs	32
Section I. Scoring audit & output-volume diagnostics (extension)	33
Algorithm 26	34
Section J. Error estimation & uncertainty (extension)	35
Algorithm 27	36
Section K. Consensus and divergence analysis (extension)	36
Algorithm 28	38
Section L. Appendix — Index of all algorithms	38
Limitations	39

	[image: ]Fig S1. Flowchart of the algorithm
	This document is a self-contained description of the computational pipeline used to compare four AI research agents (ChatGPT, Biomni, KDense, Finch) across three omics domains (metabolomics, proteomics, transcriptomics) based on their generated outputs. Each step below maps one-to-one to a labelled box in Figure S1 and lists, in order: (i) the input (with type), (ii) the process, (iii) the mathematical formulation, (iv) the Python libraries used in the reference implementation, (v) the resulting output artefact(s), and (vi) the next step(s) in the data-flow graph. 
The data-flow sequence is therefore explicit at every node and matches the arrows in Figure S1 one-to-one. Global constants, index sets, and symbols are provided in Table S1.


[bookmark: global-constants-index-sets-and-symbols]
Table S1. Global constants, index sets, and symbols
	Symbol
	Meaning
	Value / type

	
	Set of agents
	 (ChatGPT, Biomni, KDense, Finch)

	
	Set of runs per agent
	, 

	
	Set of omics domains
	metabolomics, proteomics, transcriptomics

	
	Chunk size in tokens
	800

	
	Chunk overlap in tokens
	150

	
	Chunk step 
	650

	
	Bootstrap / Monte-Carlo iterations
	10 000

	
	Ridge regularisation for covariance
	

	SEED
	Global random seed
	42

	
	Embedding dimension
	384 (transformer) or  (TF-IDF + SVD fallback)

	
	TF-IDF vocabulary cap
	20 000

	
	Domain criteria per omics
	16

	
	Indicator function
	

	
	Cosine similarity
	

	
	Plain-text content of file 
	

	
	Files belonging to agent , run 
	finite set


[bookmark: master-sequence-data-flow-overview]Each of the four agents executes the same prompt eight times for each of the three omics domains, yielding  run-level artefact bundles per domain. The pipeline ingests these bundles and produces, for every domain, a vector of AgentScores with bootstrap-derived 95 % confidence intervals, pairwise win probabilities, two reliability indices (Kendall’s and Cronbach’s ), four 2-D embedding projections, and a radar plot of domain-aware ordinal grades.
[bookmark: _Toc232863542]Master sequence (data-flow overview)
The pipeline is a single-pass directed acyclic graph (DAG) with two parallel processing tracks downstream of the STEP 4 feature extractor.
Table S2. The pipeline of algorithm
	Track
	Sequence*

	Backbone
	INPUT → STEP 1 → STEP 2 → STEP 3 → (STEP 4A ∥ STEP 4B) → STEP 4C

	Feature-space scoring (orange)
	STEP 4C → STEP 6B → STEP 6C → STEP 9A → STEP 9B → STEP 9C → STEP 10A → STEP 10B → STEP 10C → STEP 10D

	Semantic embedding (green)
	STEP 3 → (STEP 5A ∥ STEP 5A-FB) → STEP 5B → STEP 5C → {STEP 5D, STEP 6A, STEPS 8A–8D, STEPS 11A–11B}

	Pair-similarity
	STEP 5C → STEP 6A → STEP 7A; STEP 5D → STEP 7B

	Uncertainty (pink)
	{STEP 9C, STEP 11A, STEP 11B} → STEP 12A → STEP 12B → STEP 12C → STEP 12D

	Reliability (pink)
	STEP 9C → STEP 13A; STEP 9C → STEP 13B

	Outputs
	STEP 10D, STEP 12D, STEP 13A, STEP 13B → OUTPUT


[bookmark: Xb8249f6d84fe3539596f6516fa62db67c14cef0]* Boxes labelled “∥” denote two STEPS that run in parallel and whose outputs are concatenated downstream.
[bookmark: _Toc232863543][bookmark: X4166223f246575f1154937f78357e389502b4ea]Note on algorithm description and implementation
For clarity, the benchmarking workflow is described at two complementary levels.

First, the core mathematical framework is presented as a step-by-step algorithm. This level defines the formal components of the analysis: indicator vectors, scoring functions, domain-aware ordinal grading, bootstrap procedures, Monte Carlo uncertainty estimation, pairwise win probabilities, and reliability indices. These definitions form the conceptual and mathematical basis of the framework and are used consistently throughout the description of STEPS 1–13.
Second, the practical execution order follows the reference implementation in main.py. In the implementation, several conceptual sub-STEPS are grouped together for convenience. For example, structural feature extraction, keyword counting, and aggregation are executed within a single implementation step, although they are described separately in the algorithmic narrative. Similarly, similarity analysis, reproducibility estimation, and between-agent comparison are implemented as one block, while the written specification presents them as distinct analytical components.
To make the workflow easier to follow, this document keeps the main narrative in the logical order of the algorithm: data inventory, parsing, chunking, feature extraction, embeddings, similarity analysis, dimensionality reduction, scoring, uncertainty estimation, validation, and report generation. Where the implementation groups several operations under a different step number, the corresponding main.py step is indicated in parentheses. This allows the reader to follow either the conceptual workflow or the execution order in the code.
The constants and execution parameters used in the workflow are reported exactly as used in the reference implementation, including the expected number of agents and runs, random seed, text chunk size and overlap, number of Monte Carlo iterations, and embedding model. The main values are:
EXPECTED_AGENTS = 4
EXPECTED_RUNS = 8
SEED = 42
chunk_size = 800
chunk_overlap = 150
n_mc = 10000
embedding_model = "sentence-transformers/all-MiniLM-L6-v2"
Some implementation-level modules perform additional diagnostic analyses that extend the core specification. These include scoring audit, output-volume diagnostics, error estimation, uncertainty analysis, and consensus/divergence analysis. These sections are included to document the full analytical pipeline, but they should be interpreted as implementation extensions rather than core components of the original mathematical framework.
In several places, the document describes the intended logic of these extension modules at the orchestration level: which module is called, at what stage, and what type of output it produces. However, low-level implementation details such as exact regular expressions, keyword dictionaries, parser dispatch rules, or per-function formulas are intentionally not expanded in the main text. This keeps the method description readable and prevents the algorithmic section from becoming a line-by-line commentary on the source code.
Thus, the document should be read as follows: the main STEPS define the reproducible benchmarking framework, while the implementation notes explain how this framework is executed in practice and where additional diagnostic modules are added for robustness, auditability, and interpretation.
Table S3. Mapping between conceptual workflow and implementation STEPS
	main.py STEP
	Spec Suppl. Methods STEP(s)
	Description

	STEP 1
	STEP 1
	Directory scan & inventory

	STEP 2
	STEP 2
	File parsing

	STEP 3
	STEP 4 (= 4A + 4B + 4C)
	Feature extraction (structural + keyword counts, file/run/agent aggregation)

	STEP 4
	STEP 3
	Text chunking with overlap

	STEP 5
	STEP 5A / 5A-FB / 5B / 5C / 5D
	Embeddings (primary or fallback, file → run → agent pooling)

	STEP 6
	STEP 6A / 6B / 6C / 7A / 7B
	Pairwise similarity, within-agent reproducibility, between-agent similarity

	STEP 7
	STEP 8
	Dimensionality reduction (PCA, MDS, t-SNE, UMAP)

	STEP 8
	—
	Save dimensionality figures

	STEP 9
	STEP 11A + 11B
	Monte-Carlo satellite generation (bootstrap centroids + Gaussian)

	STEP 10
	STEP 9A / 9B / 9C + 10A–10D
	Scoring: AgentScore, proxy decomposition, DomainScore, radar

	STEP 11
	STEP 12A / 12B / 12C / 12D + 13A / 13B
	Validation: bootstrap ranking + Kendall’s W + Cronbach’s α

	STEP 12
	(extension)
	Scoring audit + output-volume diagnostics — see Section I

	STEP 12b
	(extension)
	Error estimation & uncertainty — see Section J

	STEP 12c
	—
	Audit & uncertainty figures

	STEP 12d / 12e
	(extension)
	Consensus & divergence analysis — see Section K

	STEP 12g
	—
	Validation summary table

	STEP 13
	—
	Markdown report assembly


[bookmark: X8fe59f9e9bbbb0c8927323dd1e73b3d1ee1874e]The three sections I, J, K below describe orchestration-level functionality that exists only in the reference implementation and has no counterpart in the original specification — namely scoring audit (src/score_audit.py, src/fairness.py), error estimation (src/error_analysis.py), and consensus/divergence analysis (src/consensus_divergence.py). They are documented here for completeness but should be treated as extensions to the core algorithm.
[bookmark: _Toc232863544]Section A. Ingestion and feature extraction
[bookmark: X858ead49cea831ff20f9c2af1268c4b61bddcb8]Section A maps the raw on-disk outputs of every agent to a fixed-dimensional numeric representation suitable for both similarity analysis and scoring. See boxes INPUT, STEP 1, STEP 2, STEP 3, STEP 4A, STEP 4B, STEP 4C in Figure S1.
STEP 1 — Directory scan and inventory construction (= main.py STEP 1)
Input (Path). A root folder path, e.g. agent_outputs_transcriptomics/.
Process. Walk the directory tree recursively. Two labels are inferred from the folder hierarchy for every discovered file:
0. Agent label : derived from the first sub-directory level using a dictionary of known aliases (e.g. k-dense  KDense).
0. Run index : derived from the second sub-directory level using a regular expression that extracts the first integer from names of the form run_N, Run N, r3, etc.
Hidden system artefacts (.DS_Store, Thumbs.db, dotfiles) are silently skipped.
Formula. Build the inventory set

where . 
Supported extensions include .txt .md .csv .tsv .xlsx .json .jsonl .ipynb .pdf .docx .py .r .html .svg.
Libraries. os.walk (traversal), pandas (inventory dataframe).
Output. tables/file_inventory.csv.
Branches to. STEP 2 (once per row of the inventory).
[bookmark: X0a52c16b1ad7823cce999a440dd124c0fcbb88e]Bioinformatics note. The inventory is analogous to a sequencing sample sheet — it records the origin (agent, run) and format of every artefact before any analysis begins.
[bookmark: _Toc232863545]Algorithm 1
STEP 1: Directory scan and inventory construction
Input: root ∈ Path                                # e.g. agent_outputs_transcriptomics/
Output: 𝓘 ∈ DataFrame [(a, r, path, filename, ext, file_type, size)]
[bookmark: step-2-file-parsing-main.py-step-2] 1 :  𝓘 ← ∅                                          # empty inventory
 2:  for every regular file f under root (recursive walk) do
 3:      if filename(f) ∈ {.DS_Store, Thumbs.db}  or  filename(f) starts with "."  then
 4:          continue                              # skip system artefacts
 5:      end if
 6:      a    ← AgentAlias( subdir_level_1(f) )    # ChatGPT / Biomni / KDense / Finch
 7:      r    ← FirstInteger( subdir_level_2(f) )  # regex /(\d+)/ on names like run_N, r3
 8:      ext  ← extension(f)
 9:      type ← FileTypeOf(ext)                    # text|table|document|code|image|other
10:      size ← bytes(f)
11:      𝓘   ← 𝓘 ∪ {(a, r, path(f), filename(f), ext, type, size)}
12:  end for
13:  WriteCSV(𝓘, "tables/file_inventory.csv")
14:  return 𝓘
STEP 2: File parsing (= main.py STEP 2)
Input (Path). A single file path  together with its detected extension/MIME type.
Process. Dispatch to a format-specific parser presented in Table S4.
Table S4. Dispatch to a format-specific parser*
	File class
	Extension(s)
	Library
	Strategy

	Plain text / code
	.txt .md .py .r
	built-in open()
	read full bytes, UTF-8 decode

	Notebook
	.ipynb
	nbformat
	concatenate code cells + outputs

	Tabular
	.csv .tsv .xlsx
	pandas, openpyxl
	flatten rows, space-join cells

	Document
	.docx
	python-docx
	iterate paragraphs

	PDF
	.pdf
	PyPDF2 / pdfplumber
	extract text page by page

	HTML / SVG
	.html .svg
	regex strip tags
	retain visible text


* Parsing failure yields  empty and a warning in the log; the file remains in the inventory with zero-length text.
Formula. Define the parsing operator

Libraries. As listed above.
Output. A plain-text string  held in memory; not persisted as a separate file.
[bookmark: algorithm-2-step-2-file-parsing]Branches to. STEP 3 (if  empty); STEP 4A and STEP 4B (structural and keyword counts on , in parallel).
[bookmark: _Toc232863546]Algorithm 2
STEP 2: File parsing
The exact dispatch table — extension routing, library calls, and exception handling — is implemented in src/parser.py (function parse_file). The switch below is illustrative: it shows the set of extensions the pipeline routes and the library family used for each, but not the verbatim production code.
Input: f       ∈ Path                              # a single file path
Output: T(f)    ∈ string                            # plain-text content of f
[bookmark: X270afe20f7a9b70e1b42f438ec716e8a4d4f776] 1:  ext ← extension(f)
 2:  try
 3:      switch ext do
 4:          case .txt, .md, .py, .r           : T ← read_utf8(f)
 5:          case .ipynb                       : T ← concat( codeCells(f) ∥ outputs(f) )
 6:          case .csv, .tsv                   : T ← " ".join( row.values for row in pandas.read_csv(f) )
 7:          case .xlsx                        : T ← " ".join( cells of every sheet via openpyxl )
 8:          case .docx                        : T ← "\n".join( para.text for para in python-docx.iter(f) )
 9:          case .pdf                         : T ← "\n".join( page.extract_text() for page in PyPDF2.open(f) )
10:          case .html, .svg                  : T ← stripTags( read(f) )
11:          default                           : T ← ""
12:      end switch
13:  catch any Exception
14:      T ← ""
15:      log_warning("parse failed: " + f)
16:  end try
17:  return T
STEP 3: Text chunking with overlap (= main.py STEP 4)
Input. Plain-text string  from STEP 2 and a file identifier file_id.
Process (two sub-STEPS).
a) Tokenisation (_tokenise): split on whitespace, is an ordered sequence and each  is one whitespace-delimited token (word, number, punctuation).
b) Sliding window chunking with step , starting at . Chunk  spans tokens , with . Stop when  (the last chunk reaches the end of the document).
Formula. Number of chunks for a document of  tokens:

The chunk tuple is Each chunk carries the metadata tuple (chunk_id, text, token_count, start_token, end_token).
Libraries. Built-in str.split() (no NLTK dependency).
Output. Ordered tuple  in memory.
Branches to. STEP 5A (primary embedding) and, by fallback, STEP 5A-FB; structural counts use  directly in STEP 4A.
Bioinformatics note. Chunking is analogous to overlapping windows in motif scanning of a genome. The 150-token overlap protects sentences that cross window boundaries — important for multi-sentence biological reasoning patterns.
[bookmark: _Toc232863547][bookmark: Xe18c5e992084d31628033032d65aa9489c7a28c]Algorithm 3
STEP 3: Text chunking with overlap
Input: T        ∈ string                           # plain text from Algorithm 2
        file_id  ∈ string                           # chunk label prefix
        L        ∈ ℕ, default 800                   # window size in tokens
        Δ        ∈ ℕ, default 150                   # overlap in tokens
Output: 𝓒        ∈ Tuple ⟨Chunk⟩                     # ordered chunk list
[bookmark: Xc6b8cd4a63a0ddecc1d8669ef66f4a338653448] 1:  𝒲 ← (w₁, …, wₙ) ← split_whitespace(T)         # tokenise
 2:  n ← |𝒲|;  s ← L − Δ;  𝓒 ← ()
 3:  if n ≤ L then
 4:      𝓒 ← ( Chunk(id=file_id+"_0", text=" ".join(𝒲), token_count=n, start=0, end=n) )
 5:      return 𝓒
 6:  end if
 7:  i ← 0;  k ← 0
 8:  while i + L ≤ n do
 9:      j ← min(i + L, n)
10:      txt ← " ".join( w_{i+1} … w_j )
11:      𝓒  ← 𝓒 ∥ ( Chunk(id=file_id+"_"+k, text=txt, token_count=j−i, start=i, end=j) )
12:      i ← i + s
13:      k ← k + 1
14:  end while
15:  if  end(last chunk) < n  then                  # tail chunk that exceeds n is allowed
16:      append final chunk covering tokens (n−L+1 … n)
17:  end if
18:  return 𝓒
STEP 4: Count-based feature extraction
STEP 4 does not use embeddings — it counts explicit textual signals via regular expressions and curated dictionaries. STEPS 4A and 4B run in parallel and their outputs are concatenated by STEP 4C.
[bookmark: _Toc232863548][bookmark: X63c94fb12cdb39922546aed23ae91c62747bf2a]Algorithm 4
STEP 4A: Structural feature counts
The exact regular-expression set lives in src/features.py (function extract_structural_features). The patterns shown below are illustrative — they reproduce the categories counted by the implementation but not the verbatim regexes; consult src/features.py for the production strings.
Input: T   ∈ string
Output: 𝐱^struct(f) ∈ ℝ¹²
 1:  n_tables       ← count_regex(T, /(\|.+\|.+\|)/m)       # Markdown / pipe tables
 2:  n_code         ← count_regex(T, /```[^`]*```/s)        # fenced code blocks
 3:  n_pvalues      ← count_regex(T, /p\s*[<=]\s*0?\.\d+|p-?value\s*=\s*0?\.\d+/i)
 4:  n_fdr          ← count_regex(T, /\bFDR\b|q-?value|adj\.?\s*p/i)
 5:  n_foldchange   ← count_regex(T, /fold[\s_-]?change|log[\s_]?2?\s*FC/i)
 6:  n_gene_mentions← count_regex(T, /\b[A-Z][A-Z0-9]{1,9}\b/)        # HGNC-style
 7:  n_datasets     ← count_regex(T, /\bGSE\d+|E-MTAB-\d+|PRIDE|MTBLS\d+/i)
 8:  n_figures      ← count_regex(T, /Figure\s*\d+|Fig\.?\s*\d+/i)
 9:  n_citations    ← count_regex(T, /\[\d+\]|\([A-Z][a-z]+\s+\d{4}\)/)
10:  n_units        ← count_regex(T, /\b\d+\s?(μM|nM|mM|mg\/[a-z]+|ng\/[a-z]+|%)/i)
11:  n_numeric      ← count_regex(T, /(?<![A-Za-z])\d+(?:\.\d+)?(?:[eE][+\-]?\d+)?\b/)
12:  n_chars        ← |T|
13:  𝐱^struct(f) ← (n_tables, n_code, n_pvalues, n_fdr, n_foldchange,
                    n_gene_mentions, n_datasets, n_figures, n_citations,
                    n_units, n_numeric, n_chars)
14:  return 𝐱^struct(f)
[bookmark: _Toc232863549][bookmark: Xa74cd903e6b59c6aea58d5942acf31d4337fcd5]Algorithm 5
STEP 4B: Keyword feature counts
Input: T          ∈ string
        𝓚_meth     ∈ Set,  |𝓚_meth| = 47    # methods dictionary
        𝓚_bio      ∈ Set,  |𝓚_bio|  = 18    # biology dictionary
        𝓚_aud      ∈ Set,  |𝓚_aud|  = 10    # audit dictionary
Output: 𝐜^meth(f) ∈ ℤ₊⁴⁷, 𝐜^bio(f) ∈ ℤ₊¹⁸, 𝐜^aud(f) ∈ ℤ₊¹⁰
[bookmark: X5c0787ef8a7730dd9f8df59d2abadf78b917636] 1:  for each dictionary 𝓚 ∈ {𝓚_meth, 𝓚_bio, 𝓚_aud} do
 2:      𝐜 ← 0ₖ                                # zero vector of size |𝓚|
 3:      for each keyword k ∈ 𝓚 and each pattern p ∈ 𝓟_k do
 4:          𝐜[k] ← 𝐜[k] + count_nonoverlapping(p, T, case_insensitive=true)
 5:      end for
 6:      emit 𝐜 as 𝐜^<dict>(f)
 7:  end for
 8:  return 𝐜^meth(f), 𝐜^bio(f), 𝐜^aud(f)
[bookmark: _Toc232863550]Algorithm 6
STEP 4C: Aggregate to file-, run-, and agent-level feature vectors
Input: 𝓘 inventory from Algorithm 1
        per-file vectors from Algorithms 4, 5
Output: 𝐱(f) ∈ ℝ⁸⁷         per file
        𝐱_{a,r} ∈ ℝ⁸⁷      per (agent, run)
        𝐱̄_a ∈ ℝ⁸⁷          per agent
[bookmark: step-4a-structural-feature-counts]        S^meth_{a,r}, S^bio_{a,r}   keyword presence sets
 1:  // File-level concatenation
 2:  for every f ∈ 𝓘 do
 3:      𝐱(f) ← [ 𝐱^struct(f) ;  𝐜^meth(f) ;  𝐜^bio(f) ;  𝐜^aud(f) ]   ∈ ℝ¹²⁺⁴⁷⁺¹⁸⁺¹⁰ = ℝ⁸⁷
 4:  end for
 5:  // Run-level element-wise sum
 6:  for every (a, r) ∈ 𝒜 × ℛ do
 7:      𝐱_{a,r} ← Σ_{f ∈ 𝓕_{a,r}} 𝐱(f)
 8:  end for
 9:  // Agent-level mean
10:  for every a ∈ 𝒜 do
11:      𝐱̄_a ← (1/|ℛ|) · Σ_{r ∈ ℛ} 𝐱_{a,r}
12:  end for
13:  // Keyword presence sets (used by Algorithm 14, STEP 6C)
14:  for every (a, r) ∈ 𝒜 × ℛ do
15:      S^meth_{a,r} ← { k ∈ 𝓚_meth : [𝐱_{a,r}]_k > 0 }
16:      S^bio_{a,r}  ← { t ∈ 𝓚_bio  : [𝐱_{a,r}]_t > 0 }
17:  end for
18:  WriteCSV( {𝐱(f)},    "tables/file_level_features.csv" )
19:  WriteCSV( {𝐱_{a,r}}, "tables/run_level_features.csv" )
20:  WriteCSV( {𝐱̄_a},     "tables/agent_level_features.csv" )
21:  return {𝐱(f)}, {𝐱_{a,r}}, {𝐱̄_a}, {S^meth_{a,r}}, {S^bio_{a,r}}
STEP 4A: Structural feature counts
Input. Plain-text string  from STEP 2.
Process. Run twelve case-insensitive regular expressions counting (presented in Table S5)
Formula. Define the count operator

Libraries. re (regex), custom rule tables.
Output. Vector  kept in memory.
Branches to. STEP 4C (concatenation).
Table S5. Expressions counting
	
	Component name
	What it counts

	1
	n_tables
	Markdown / pipe-separated tables

	2
	n_code
	Fenced code blocks (```…```)

	3
	n_pvalues
	Tokens of the form p < 0.05, p-value = 0.01

	4
	n_fdr
	FDR, q-value, adjusted p

	5
	n_foldchange
	fold change, log2FC, log_2 FC

	6
	n_gene_mentions
	HGNC-style gene names (uppercase letters + digits)

	7
	n_datasets
	GSE\d+, E-MTAB-\d+, PRIDE, MTBLS\d+

	8
	n_figures
	“Figure N”, “Fig. N”

	9
	n_citations
	[N], (Author 2020)

	10
	n_units
	μM, ng/mL, mg/kg, %, etc.

	11
	n_numeric
	Numeric tokens with optional decimals/exponents

	12
	n_chars
	, length proxy


[bookmark: step-4b-keyword-feature-counts]
STEP 4B: Keyword feature counts
Input. Plain text  plus three curated dictionaries declared in features.py:









Process. For each dictionary  and each entry , count case-insensitive whole-word, non-overlapping matches of the pattern(s) associated with :

Formula. Three count vectors:

Libraries. re, custom dictionary loaders.
Output. Three count vectors per file, kept in memory.
[bookmark: Xcde8c4cd6ce3cf10c35363be85a9bf9f8cac8f1]Branches to. STEP 4C (concatenation).

STEP 4C: Aggregation to file-, run-, and agent-level feature vectors
Input. Per-file vectors  from STEPS 4A–4B.
Process. Three operations in sequence:
0.2. File-level concatenation.

0.3. Run-level elementwise sum across files of the same :

Summing — rather than averaging — is deliberate: longer / richer outputs score higher on presence counts, reflecting the benchmark’s reward for reporting completeness.
0.4. Agent-level mean across runs:

0.5. Keyword presence sets (used in STEP 6C):

Libraries. numpy (vector ops), pandas (tabular bookkeeping).
Output. tables/file_level_features.csv, tables/run_level_features.csv, tables/agent_level_features.csv.
Branches to. STEP 6B (Euclidean on standardised feature vectors), STEP 6C (Jaccard on keyword sets), STEP 9A (binary component vectors), STEP 10A (ordinal grading).

[bookmark: _Toc232863551][bookmark: section-b.-embedding-generation]Section B. Embedding generation
[bookmark: Xd9a8dc8f91d6ebbb54642cfa7d492c9ab8cd2c9]Section B maps text content to dense numeric vectors so that semantic similarity can be measured downstream. See boxes STEP 5A, STEP 5A-FB, STEP 5B, STEP 5C, STEP 5D in Figure S1. The primary path (5A) and the fallback path (5A-FB) yield embedding matrices with the same row dimension and feed an identical downstream pipeline.
STEP 5A: Chunk embeddings (PRIMARY: sentence transformer) (= main.py STEP 5)
Input. Ordered list of chunk texts from STEP 3, across all files.
Process. Apply the pre-trained sentence-transformer

implemented as all-MiniLM-L6-v2. The model is a 6-layer transformer fine-tuned on semantic-similarity tasks; it was not trained on any data from this benchmark. After encoding, each output is L2-normalised.
Formula.

Libraries. sentence-transformers (SentenceTransformer('all-MiniLM-L6-v2')).
Output. Dictionary {chunk_id → e_c} for every chunk across all files; matrix  per file.
Branches to. STEP 5B.
Bidirectional link. A dashed bidirectional connection in Figure S1 indicates that the orchestrator can switch between STEP 5A and STEP 5A-FB at runtime (e.g. if the model weights are not available).
[bookmark: _Toc232863552][bookmark: X34b73f0ea338b3bb4cec489ab2f2f83f62b114a]Algorithm 7
STEP 5A: Chunk embeddings (PRIMARY)
Input: {𝓒(f)} set of all chunk tuples across all files
        φ        ∈ string → ℝ³⁸⁴       # sentence-transformer
Output: { chunk_id_c ↦ 𝐞_c }   with 𝐞_c ∈ ℝ³⁸⁴, ‖𝐞_c‖₂ = 1
[bookmark: X31355774fccfc52108ba9d5c596c85665d270b1] 1:  load φ ← SentenceTransformer("all-MiniLM-L6-v2")
 2:  𝐄 ← { }                                  # dictionary chunk_id → vector
 3:  for every chunk c in flatten({𝓒(f)}) do
 4:      𝐮 ← φ(c.text)                        # ∈ ℝ³⁸⁴
 5:      𝐞_c ← 𝐮 / ‖𝐮‖₂                       # L2 normalise → unit sphere
 6:      𝐄[c.chunk_id] ← 𝐞_c
 7:  end for
 8:  return 𝐄
STEP 5A-FB. Chunk embeddings (FALLBACK: TF-IDF + truncated SVD)
This branch is used when sentence-transformers cannot be loaded (no internet, model download failure, or the --no_embeddings CLI flag is set).
Input. All chunk texts.
Process (two sub-STEPS).
a) TF-IDF term-document matrix. Let  be a vocabulary of up to  unigrams and bigrams. For chunk  and term :

(sublinear TF, scikit-learn argument sublinear_tf=True).


b) Truncated SVD (Latent Semantic Analysis). Factor

retaining  singular values. The dense pre-normalisation representation of chunk  is the -th row of . After L2 row-normalisation:

Libraries. sklearn.feature_extraction.text.TfidfVectorizer, sklearn.decomposition.TruncatedSVD.
Output. Same row count as STEP 5A but lower-dimensional ().
Caveat. Cosine similarities under the TF-IDF fallback are internally consistent within one pipeline run but not directly comparable to the transformer back-end.
[bookmark: X20df129eb480e055e7360cef1ced92307749e00]Branches to. STEP 5B.
[bookmark: _Toc232863553]Algorithm 8
STEP 5A-FB: Chunk embeddings (FALLBACK: TF-IDF + truncated SVD)
Input: {𝓒(f)}  all chunk tuples
        V_max    ∈ ℕ, default 20 000          # vocabulary cap
Output: { chunk_id_c ↦ 𝐞_c }   with 𝐞_c ∈ ℝᵈ, d ≤ 128, ‖𝐞_c‖₂ = 1
[bookmark: Xcc6266e6da4000986a1b48c504e18613cbff59e] 1:  corpus ← [ c.text for c in flatten({𝓒(f)}) ]
 2:  N_chunks ← |corpus|
 3:  V        ← VocabularyBuild(corpus, n_grams=(1,2), max_features=V_max)
 4:  // TF-IDF term-document matrix
 5:  for every chunk c, every term t ∈ V do
 6:      tf  ← count(t, c)
 7:      df  ← |{ c' : t ∈ c' }|
 8:      TF  ← log(1 + tf)                                # sublinear TF
 9:      IDF ← log( (1 + N_chunks) / (1 + df) ) + 1
10:      𝐗[c, t] ← TF · IDF
11:  end for                                              # 𝐗 ∈ ℝ^{N_chunks × V_max}
12:  // Truncated SVD: 𝐗 ≈ 𝐔_d Σ_d 𝐖_dᵀ
13:  d ← min(128, V_max − 1, N_chunks − 1)
14:  (𝐔_d, Σ_d, 𝐖_d) ← TruncatedSVD(𝐗, n_components = d, random_state = 42)
15:  𝐙 ← 𝐔_d · Σ_d                              # dense pre-norm representation
16:  𝐄 ← { }
17:  for every chunk c do
18:      𝐞_c ← 𝐙[c, :] / ‖𝐙[c, :]‖₂            # L2 row-normalise
19:      𝐄[c.chunk_id] ← 𝐞_c
20:  end for
21:  return 𝐄
STEP 5B — File embedding (mean pooling of chunk vectors) (= main.py STEP 5)
Input. Chunk embedding matrix  from STEP 5A or STEP 5A-FB.
Process. Mean-pool over all chunks of a file.
Formula

Single-chunk files reduce to .
Libraries. numpy.
Output. One embedding per file.
[bookmark: Xa006f78bc06f4590b154b8ac96c1da96c03a7b1]Branches to. STEP 5C.
[bookmark: _Toc232863554]Algorithm 9
STEP 5B: File embedding (mean pooling of chunk vectors)
Input: 𝓒(f)   chunks of file f
        𝐄      dictionary chunk_id → 𝐞_c                       (Algorithm 7 or 8)
Output: 𝐯_f    ∈ ℝᵈ                                            # file embedding
 1:  if |𝓒(f)| = 0 then  return 𝟎_d  end if
 2:  𝐯_f ← (1 / |𝓒(f)|) · Σ_{c ∈ 𝓒(f)} 𝐄[c.chunk_id]
[bookmark: X2594017a39757932cefdc7bcde235a0e7589d3d] 3:  return 𝐯_f
STEP 5C: Run embedding (mean pooling of file vectors)
Input. Per-file embeddings  from STEP 5B.
Process. Average across all files of one .
Formula.

Result: a dictionary  with  entries per domain.
Libraries. numpy.
Output.  run embeddings per domain in memory.
[bookmark: Xc79e8cf33b5a08857464f3e07090de1fce704cb]Branches to. STEP 5D (centroid); STEP 6A (pair-cosine); STEPS 8A–8D (projections); STEPS 11A–11B (Monte-Carlo satellites). The right-hand junction lane at  in Figure S1 represents this fan-out.
[bookmark: _Toc232863555]Algorithm 10
STEP 5C: Run embedding (mean pooling of file vectors)
Input: {𝐯_f}     per-file embeddings (Algorithm 9)
        𝓘         inventory (Algorithm 1) — provides (a, r) ↔ files mapping
Output: { (a, r) ↦ 𝐯_{a,r} }     |𝒜| × |ℛ| = 4 × 8 = 32 entries per domain
 1:  𝐕 ← { }
 2:  for every (a, r) ∈ 𝒜 × ℛ do
 3:      𝓕_{a,r} ← { f ∈ 𝓘 : agent(f)=a ∧ run(f)=r }
 4:      𝐯_{a,r} ← (1 / |𝓕_{a,r}|) · Σ_{f ∈ 𝓕_{a,r}} 𝐯_f
 5:      𝐕[(a, r)] ← 𝐯_{a,r}
 6:  end for
[bookmark: Xd8cb810da77b975e984f1200eeafb07e4ab9f70] 7:  return 𝐕
STEP 5D: Agent centroid (mean pooling of run vectors)
Input. Run embeddings  from STEP 5C.
Process. Mean-pool the eight runs of one agent.
Formula.

Result: a dictionary  with  entries per domain.
Libraries. numpy.
Output. Four centroid vectors per domain.
[bookmark: X07916055b010b291f2aed7211f8ecb32e6da8d1]Branches to. STEP 7B (between-agent similarity).

[bookmark: _Toc232863556]Algorithm 11
STEP 5D: Agent centroid (mean pooling of run vectors)
Input: 𝐕   dictionary (a, r) → 𝐯_{a,r} (Algorithm 10)
Output: { a ↦ 𝐜_a }   one centroid per agent
 1:  𝐂 ← { }
 2:  for every a ∈ 𝒜 do
 3:      𝐜_a ← (1 / |ℛ|) · Σ_{r ∈ ℛ} 𝐕[(a, r)]
 4:      𝐂[a] ← 𝐜_a
 5:  end for
[bookmark: Xc9d214f56f20ff2482480042b0fbbcca6b3780d] 6:  return 𝐂
[bookmark: _Toc232863557]Section C. Pairwise similarity, reproducibility, and dimensionality reduction
Section C compares the 32 runs against each other in three complementary spaces (feature, embedding, keyword) and projects the run cloud to 2-D/3-D for visualisation. See boxes STEP 6A, STEP 6B, STEP 6C, STEP 7A, STEP 7B, STEP 8A, STEP 8B, STEP 8C, STEP 8D in Figure S1.
Define the set of all unordered pairs of distinct runs:

[bookmark: Xe285f63d529b19f92b9ff380177c6498a2d4bd8]Three similarity metrics are computed in parallel for every pair.
STEP 6A: Cosine similarity in embedding space
Input. Run embeddings  and  from STEP 5C.
Process. Compute pairwise cosine similarity.
Formula.

Edge case: if either norm is zero, the function returns 0. Total:  pair similarities per domain.
Libraries. numpy (dot product, norms).
Output. Column cosine_sim in tables/pairwise_run_similarity.csv.
Branches to. STEP 7A (within-agent subset), STEP 7B (cross-agent subset).
[bookmark: X5522bb6e86ccec2a743ae7bab2aec42c1e8b329]Bioinformatics note. A value close to 1 means both runs discussed very similar topics in similar proportions; a value close to 0 means the outputs are semantically unrelated. Negative values are rare for natural-language outputs.
[bookmark: _Toc232863558]Algorithm 12
STEP 6A: Pairwise cosine similarity in embedding space
Input: 𝐕     dictionary (a, r) → 𝐯_{a,r} ∈ ℝᵈ        (Algorithm 10)
Output: SimTbl ∈ DataFrame[(a₁, r₁, a₂, r₂, cosine_sim)]   with C(32,2) = 496 rows
 1:  SimTbl ← ∅
 2:  P ← all unordered pairs {(a₁,r₁), (a₂,r₂)} with (a₁,r₁) ≠ (a₂,r₂)
 3:  for every {(a₁,r₁), (a₂,r₂)} ∈ P do
 4:      𝐯₁ ← 𝐕[(a₁,r₁)];   𝐯₂ ← 𝐕[(a₂,r₂)]
 5:      if ‖𝐯₁‖₂ = 0  or  ‖𝐯₂‖₂ = 0 then
 6:          s ← 0
 7:      else
 8:          s ← (𝐯₁ᵀ 𝐯₂) / (‖𝐯₁‖₂ · ‖𝐯₂‖₂)
 9:      end if
10:      SimTbl ← SimTbl ∪ {(a₁, r₁, a₂, r₂, s)}
11:  end for
[bookmark: Xf18f8b9862623a3323c427256d655c44a6b8fe6]12:  return SimTbl                                # column cosine_sim
STEP 6B: Euclidean distance in standardised feature space (= main.py STEP 6)
Input. Run feature vectors  from STEP 4C.
Process. Z-score every feature across the 32 runs, then compute the Euclidean norm of the difference for each pair.
Formula. With per-feature mean  and standard deviation ,


Libraries. numpy, scipy.stats.zscore.
Output. Column euclidean_dist in tables/pairwise_run_similarity.csv.
Branches to. Downstream consumers of pairwise_run_similarity.csv.
[bookmark: Xe6befca89e03481ec8d9ca2e766f83f9ef88cad]Bioinformatics note. This measures structural dissimilarity — two runs that differ greatly in table count, numeric value density, or p-value frequency will be far apart even if their semantic embeddings are similar.
[bookmark: _Toc232863559]Algorithm 13
STEP 6B: Pairwise Euclidean distance in standardized feature space
Input: {𝐱_{a,r}} ∈ ℝ⁸⁷    run-level feature vectors (Algorithm 6)
Output: column euclidean_dist appended to SimTbl
 1:  // 1. Per-feature standardisation across the 32 runs
 2:  𝐗 ← stack( {𝐱_{a,r}} )                       # ∈ ℝ³²ˣ⁸⁷
 3:  for j = 1 … 87 do
 4:      μ_j ← (1/32) · Σ_i 𝐗[i, j]
 5:      σ_j ← std( 𝐗[:, j] )
 6:      if σ_j = 0 then
 7:          𝐗̃[:, j] ← 0
 8:      else
 9:          𝐗̃[:, j] ← (𝐗[:, j] − μ_j) / σ_j
10:      end if
11:  end for
12:  // 2. Pair distances
13:  for every pair {(a₁,r₁), (a₂,r₂)} do
14:      d_E ← √( Σ_j (𝐗̃[i₁, j] − 𝐗̃[i₂, j])² )
15:      append d_E as euclidean_dist for that pair
16:  end for
[bookmark: Xd44d82a9ea3a9c1fa330cef6931bf7d1cab61f7]17:  return SimTbl
STEP 6C: Jaccard similarity of keyword sets (= main.py STEP 6)
Input. Keyword presence sets  and  from STEP 4C.
Process. Compute the Jaccard index separately for the methodological and biological keyword sets.
Formula.

Example: if run A’s methods contain  and run B’s contain , then .
Libraries. Python set operations.
Output. Columns jaccard_kw and jaccard_bio in tables/pairwise_run_similarity.csv.
[bookmark: Xf39776e605880aace27d7cf55cea8b4415007d9]Branches to. Downstream consumers of pairwise_run_similarity.csv.
[bookmark: _Toc232863560]Algorithm 14
STEP 6C: Pairwise Jaccard similarity of keyword sets
Input: {S^meth_{a,r}}, {S^bio_{a,r}}   keyword presence sets (Algorithm 6)
Output: columns jaccard_kw, jaccard_bio appended to SimTbl
[bookmark: X2e07f231367f2de3ef6df5ff796fe7a653f067d] 1:  for every pair {(a₁,r₁), (a₂,r₂)} do
 2:      for label ∈ {meth, bio} do
 3:          S₁ ← S^label_{a₁,r₁};   S₂ ← S^label_{a₂,r₂}
 4:          if S₁ = ∅  ∧  S₂ = ∅ then
 5:              J ← 1                            # convention
 6:          else
 7:              J ← |S₁ ∩ S₂| / |S₁ ∪ S₂|
 8:          end if
 9:          append J as jaccard_<label>
10:      end for
11:  end for
12:  WriteCSV(SimTbl, "tables/pairwise_run_similarity.csv")
13:  return SimTbl                                # columns cosine_sim, euclidean_dist, jaccard_kw, jaccard_bio
STEP 7A: Within-agent reproducibility
Input. The  intra-agent cosine similarities from STEP 6A for every agent .
Process. Compute the mean, standard deviation, coefficient of variation, and reproducibility index.
Formula.



Libraries. numpy.
Output. tables/within_agent_reproducibility.csv with columns agent, n_pairs, mean_sim, std_sim, cv_pct, min_sim, max_sim, reproducibility.
Branches to. OUTPUT.
[bookmark: Xaf85409fc94349d2f594e3059610ca280db453d]Bioinformatics note.  is analogous to a technical-replicate concordance measure: an agent producing near-identical reports across 8 independent runs achieves  close to 1; high variance gives  close to 0.
[bookmark: _Toc232863561]Algorithm 15
STEP 7A: Within-agent reproducibility index
Input: SimTbl   from Algorithm 14
Output: ReproTbl ∈ DataFrame[agent, n_pairs, mean_sim, std_sim, cv_pct,       min_sim, max_sim, reproducibility]
[bookmark: Xf1efae3dd20ff015b76f28fad45c3c2a44db977] 1:  ReproTbl ← ∅
 2:  for every a ∈ 𝒜 do
 3:      𝒮_a ← { s.cosine_sim  :  s ∈ SimTbl ∧ agent_a(s)=a ∧ agent_b(s)=a ∧ run_a(s) < run_b(s) }
 4:      // |𝒮_a| = C(8,2) = 28
 5:      μ_a ← mean(𝒮_a);   σ_a ← std(𝒮_a, ddof=1)
 6:      CV_a ← (σ_a / μ_a) · 100
 7:      ρ_a  ← max( 0, 1 − CV_a / 100 )
 8:      ReproTbl ← ReproTbl ∪ {(a, 28, μ_a, σ_a, CV_a, min(𝒮_a), max(𝒮_a), ρ_a)}
 9:  end for
10:  WriteCSV(ReproTbl, "tables/within_agent_reproducibility.csv")
11:  return ReproTbl
STEP 7B: Between-agent similarity (= main.py STEP 6)
Input. Run embeddings  (STEP 5C) and agent centroids  (STEP 5D).
Process. Two complementary measures per ordered pair  with .
Formulas.


Libraries. numpy.
Output. tables/between_agent_similarity.csv.
[bookmark: Xd20d39c36fcbbd60174602e2903d1f4728bc3e2]Branches to. OUTPUT.
[bookmark: _Toc232863562]Algorithm 16
STEP 7B: Between-agent similarity
Input: 𝐕   run embeddings (Algorithm 10)
        𝐂   agent centroids (Algorithm 11)
Output: BetweenTbl[ agent_1, agent_2, gamma_centroid, gamma_meancross ]
[bookmark: X62e4af46b55cc653afab2b8ce8fd6c96515f3e1] 1:  BetweenTbl ← ∅
 2:  for every ordered pair (a₁, a₂) ∈ 𝒜 × 𝒜  with  a₁ ≠ a₂  do
 3:      Γ ← cosine( 𝐂[a₁], 𝐂[a₂] )
 4:      Γ̄ ← 0
 5:      for r₁ ∈ ℛ, r₂ ∈ ℛ do
 6:          Γ̄ ← Γ̄ + cosine( 𝐕[(a₁,r₁)], 𝐕[(a₂,r₂)] )
 7:      end for
 8:      Γ̄ ← Γ̄ / 64
 9:      BetweenTbl ← BetweenTbl ∪ {(a₁, a₂, Γ, Γ̄)}
10:  end for
11:  WriteCSV(BetweenTbl, "tables/between_agent_similarity.csv")
12:  return BetweenTbl
STEP 8. Dimensionality reduction (run-cloud visualization)
Stack the 32 run vectors row-by-row, , then per-column Z-score:

[bookmark: Xeb30102a147b1fa7a364a2602364bb8603847e8]The same standardized matrix  feeds all four projection methods in parallel.
1.1 Algorithm 17
STEP 8: Dimensionality reduction for visualization (8A–8D)
Input: 𝐕     run embeddings (Algorithm 10), stacked as 𝐕 ∈ ℝ³²ˣᵈ
Output: ProjTbl ∈ DataFrame [ agent, run, PC1, PC2, PC3, MDS1, MDS2, TSNE1, TSNE2, UMAP1, UMAP2]
[bookmark: step-8a-pca] 1:  // Per-column Z-score (shared across all four methods)
 2:  for j = 1 … d do
 3:      μ_j ← mean(𝐕[:, j]);  σ_j ← std(𝐕[:, j])
 4:      𝐕̃[:, j] ← (𝐕[:, j] − μ_j) / σ_j
 5:  end for
 6:  // 8A — PCA via SVD
 7:  (𝐔, Σ, 𝐖) ← SVD(𝐕̃)
 8:  q ← min(3, 32, d)
 9:  𝐙_PCA ← 𝐕̃ · 𝐖[:, 1..q]
10:  // 8B — MDS (minimise normalised Stress)
11:  𝐙_MDS ← sklearn.manifold.MDS(n_components=2, random_state=SEED).fit_transform(𝐕̃)
12:  // 8C — t-SNE
13:  if |runs| ≥ 4 then
14:      𝐙_tSNE ← TSNE(perplexity=min(5, (32-1)/3), max_iter=1000, init="random",
                       random_state=SEED).fit_transform(𝐕̃)
15:  else
16:      𝐙_tSNE ← undefined; skip
17:  end if
18:  // 8D — UMAP (optional)
19:  if package("umap-learn") available then
20:      𝐙_UMAP ← UMAP(n_neighbors=min(5, 31), random_state=SEED).fit_transform(𝐕̃)
21:  else
22:      log_warning("umap-learn not installed; skipping STEP 8D")
23:  end if
24:  emit figures/pca_2d.svg, figures/pca_3d.html, figures/mds_2d.svg,
                  figures/tsne_2d.svg, figures/umap_2d.svg (if present)
25:  return ProjTbl
STEP 8A: PCA
Process. SVD of ; retain the first  components.
Formula. ,

Libraries. sklearn.decomposition.PCA.
[bookmark: Xd21a02f204312fe52a22007a9f7e968ab5d98d0]Output. figures/pca_2d.svg, figures/pca_3d.html.
STEP 8B: MDS (metric multidimensional scaling)
Process. Minimise normalised stress between input distances  and 2-D output distances .
Formula.

Libraries. sklearn.manifold.MDS.
[bookmark: step-8c-t-sne]Output. figures/mds_2d.svg.
STEP 8C: t-SNE
Process. Minimize Kullback–Leibler divergence between joint similarity distributions in input and 2D output spaces.
Formula. , with , , . Skipped if fewer than 4 runs are present.
Libraries. sklearn.manifold.TSNE.
[bookmark: step-8d-umap]Output. figures/tsne_2d.svg.
STEP 8D: UMAP
Process. Topological manifold approximation followed by low-D embedding.
Formula. n_neighbors = min(5, 31), default min_dist, output dimension , random_state = 42. Skipped silently if umap-learn is not installed.
Libraries. umap-learn (optional).
Output. figures/umap_2d.svg.
[bookmark: X9d2eb44ba635f3b9bbc8874a290d40c35953b25]Bioinformatics note. All four methods visualise the same 32 points; in a well-behaved experiment runs from the same agent should cluster together. Outlier runs are flagged for error analysis.
[bookmark: _Toc232863563]Section D. Proxy AgentScore and domain-aware grading
[bookmark: X831dae33433662b9dd9f8bdd609933f0c2bac43]Section D maps the 87-dimensional feature vector and the raw text content to a single composite AgentScore and to a 16-criterion ordinal grading vector per domain. See boxes STEP 9A, STEP 9B, STEP 9C, STEP 10A, STEP 10B, STEP 10C, STEP 10D in Figure S1.
STEP 9A: Binary component vectors
Input. Run feature vector  from STEP 4C. Each component  is a binary function of .
Process. Evaluate 22 indicator functions.
Process-quality components :

Result-accuracy components :

Interpretation-depth components :

Libraries. numpy boolean indexing.
Output. Three binary vectors per , persisted inside tables/agent_scores.csv.
[bookmark: X2c4f4fa8f3781ad60ae1c28f1c054637b2f570e]Branches to. STEP 9B.
[bookmark: _Toc232863564]Algorithm 18
STEP 9A: Binary component vectors 
Input: 𝐱_{a,r} ∈ ℝ⁸⁷                           # run feature vector
Output: 𝐩_{a,r} ∈ {0,1}⁸,  𝐫_{a,r} ∈ {0,1}⁷,  𝐝_{a,r} ∈ {0,1}⁷
[bookmark: step-9b-subscores-main.py-step-10] 1:  // Process-quality components (j = 1 … 8)
 2:  P₁ ← 𝟏[ x_aud_preprocessing > 0  ∨  x_kw_imputation > 0 ]
 3:  P₂ ← 𝟏[ x_kw_normalization > 0  ∨  x_kw_scaling > 0 ]
 4:  P₃ ← 𝟏[ x_kw_QC > 0  ∨  x_kw_pooled_QC > 0 ]
 5:  P₄ ← 𝟏[ x_kw_imputation > 0 ]
 6:  P₅ ← 𝟏[ x_kw_t-test > 0  ∨  x_kw_Mann-Whitney > 0  ∨  x_kw_Wilcoxon > 0  ∨  x_kw_ANOVA > 0 ]
 7:  P₆ ← 𝟏[ x_kw_FDR > 0  ∨  x_kw_Benjamini-Hochberg > 0  ∨  x_n_fdr > 0 ]
 8:  P₇ ← 𝟏[ x_n_code > 0 ]
 9:  P₈ ← 𝟏[ x_n_tables > 0 ]
10:  𝐩_{a,r} ← (P₁, …, P₈)
11:  // Result-accuracy components (j = 1 … 7)
12:  R₁ ← 𝟏[ x_n_numeric > 10 ]
13:  R₂ ← 𝟏[ x_n_pvalues > 0 ]
14:  R₃ ← 𝟏[ x_n_fdr > 0  ∨  x_kw_FDR > 0 ]
15:  R₄ ← 𝟏[ x_kw_fold_change > 0  ∨  x_kw_log2FC > 0 ]
16:  R₅ ← 𝟏[ x_aud_significant > 0 ]
17:  R₆ ← 𝟏[ x_n_tables > 0 ]
18:  R₇ ← 𝟏[ x_aud_consistency > 0 ]
19:  𝐫_{a,r} ← (R₁, …, R₇)
20:  // Interpretation-depth components (j = 1 … 7)
21:  D₁ ← 𝟏[ x_n_gene_mentions > 5 ]
22:  D₂ ← 𝟏[ x_kw_pathway_analysis > 0  ∨  x_kw_KEGG > 0  ∨  x_kw_GO_enrichment > 0  ∨  … ]
23:  D₃ ← 𝟏[ x_bio_transcription_factor > 0  ∨  x_bio_immune > 0  ∨  x_bio_cell_cycle > 0  ∨  … ]
24:  D₄ ← 𝟏[ x_aud_mechanism > 0 ]
25:  D₅ ← 𝟏[ x_aud_limitations > 0  ∨  x_aud_uncertainty > 0 ]
26:  D₆ ← 𝟏[ x_aud_annotation > 0 ]
27:  D₇ ← 𝟏[ x_aud_plausibility > 0 ]
28:  𝐝_{a,r} ← (D₁, …, D₇)
29:  return 𝐩_{a,r}, 𝐫_{a,r}, 𝐝_{a,r}
STEP 9B: Subscores
Input. Binary vectors from STEP 9A.
Process. Average each binary vector and rescale to .
Formula.

Example: 6 of 8 process-quality components firing yields .
Libraries. numpy.
Output. Columns P, R, D in tables/agent_scores.csv.
[bookmark: X88fa61fc7d448b7c29580e43763086d71341e53]Branches to. STEP 9C.
[bookmark: _Toc232863565]Algorithm 19
STEP 9B: Subscores 
Algorithm 19 Subscores(𝐩_{a,r}, 𝐫_{a,r}, 𝐝_{a,r})
[bookmark: Xf8580348f710786fd1775d38a6f78b421a1ed96]Input : 𝐩_{a,r} ∈ {0,1}⁸,  𝐫_{a,r} ∈ {0,1}⁷,  𝐝_{a,r} ∈ {0,1}⁷
Output: P_{a,r}, R_{a,r}, D_{a,r} ∈ [0, 100]
 1:  P_{a,r} ← (100 / 8) · Σ_{j=1}^{8} P_j        # fraction of P components ON, scaled
 2:  R_{a,r} ← (100 / 7) · Σ_{j=1}^{7} R_j
 3:  D_{a,r} ← (100 / 7) · Σ_{j=1}^{7} D_j
 4:  return P_{a,r}, R_{a,r}, D_{a,r}
STEP 9C: Composite AgentScore
Input. Subscores .
Process. Combine the three subscores using the fixed weights 0.50 process / 0.30 depth / 0.20 result accuracy. The weighting is multiplicative in : a zero-process score forces the AgentScore to zero, reflecting the requirement that a credible result must follow a documented process.
Formula.

Maximum: . Agent-level mean: .
Override. If manual expert scores are supplied (CSV with columns agent, run, R, P, D, via the – scores CLI flag), they replace the proxy values before the formula is applied.
Libraries. numpy.
Output. Column AgentScore in tables/agent_scores.csv and tables/ranking_summary.csv.
[bookmark: Xc66f24f6789265c98568565dd5305e67b6bdf9d]Branches to. STEP 12A (bootstrap), STEP 13A (Kendall’s W), STEP 13B (Cronbach’s α).
1.2 Algorithm 20
STEP 9C: Composite AgentScore 
Input: P_{a,r}, R_{a,r}, D_{a,r} ∈ [0, 100]
manual_scores: optional CSV with expert (P, RD) per (agent, run)
Output: S_{a,r} ∈ [0, 100],  S̄_a ∈ [0, 100]
[bookmark: X00acb47fb699cfece26260d25649785c2085b39] 1:  if manual_scores ≠ ⊥ then
 2:      (P_{a,r}, R_{a,r}, D_{a,r}) ← lookup(manual_scores, a, r)
 3:  end if
 4:  S_{a,r} ← P_{a,r} · ( 0.50 + 0.30 · D_{a,r}/100 + 0.20 · R_{a,r}/100 )
 5:  // S_{a,r} ∈ [0, 100];  S_{a,r} = 0 ⇔ P_{a,r} = 0
 6:  if a = ⊤ then            // agent-level aggregation
 7:      S̄_a ← (1/8) · Σ_{r ∈ ℛ} S_{a,r}
 8:  end if
 9:  WriteCSV(table of {(a,r,P,R,D,S)}, "tables/agent_scores.csv")
10:  WriteCSV(table of {(a,S̄_a)} ranked, "tables/ranking_summary.csv")
11:  return S_{a,r}, S̄_a
STEP 10A: Ordinal criterion grading functions
Input. Run feature vector  plus the raw chunks  for .
Process. For every omics domain  there are  criteria . Each criterion is graded on the ordinal scale  via a two-threshold Boolean rule:

Semantics:  = absent / inconsistently present,  = partially present (one of two required signals),  = clearly and fully reported.
Domain-specific criterion lists (16 each):
a) Transcriptomics. rnaseq_platform, qc_strategy, normalization, batch_correction, de_analysis, multiple_testing, effect_sizes, pca_exploratory, pca_caution, significant_genes, annotation_uncertainty, avoid_overclaiming, pathway_go, biological_mechanism, limitations, reproducible_code_tables.
b) Metabolomics. lcms_context, qc_strategy, pooled_qc, normalization_scaling, missing_values, multiple_testing, effect_sizes, pca_exploratory, pca_caution, significant_features, annotation_uncertainty, avoid_overclaiming, pathway_class, biological_mechanism, limitations, reproducible_code_tables.
c) Proteomics. proteomics_platform, qc_strategy, pooled_qc, normalization_scaling, missing_values, multiple_testing, effect_sizes, pca_exploratory, pca_caution, significant_proteins, annotation_uncertainty, avoid_overclaiming, pathway_go, biological_mechanism, limitations, reproducible_code_tables.
Concrete example (transcriptomics, dm_rnaseq_platform):


Libraries. Custom domain rules in domain_scoring.py; re for textual evidence.
Output. Per-run grade vectors written into tables/domain_<omics>_score_components.csv.
[bookmark: Xd256b55576d1f49c19e226df48ce7a624f40d08]Branches to. STEP 10B.
STEP 10B: DomainScore per run
Input. Grade vector  from STEP 10A.
Process. Sum the 16 ordinal grades (maximum ) and rescale to .
Formula.

Libraries. numpy.
Output. Column DomainScore in tables/domain_<omics>_score_components.csv.
[bookmark: X5061a08af4045bb35dc290201b1192a7dca5b1e]Branches to. STEP 10C.
STEP 10C: Mean grade vector for radar plot
Input. Per-run grade matrix

Process. Average across the eight runs of each agent.
Formula.

Libraries. numpy.
Output. Row in figures/domain_score_radar.csv.
[bookmark: Xe46e161bf967f9cc07442461ecdc90d5322458f]Branches to. STEP 10D.
STEP 10D: Polar coordinate layout for radar plot
Input. Mean grade vectors  from STEP 10C.
Process. Place the 16 axes uniformly on the unit circle and draw a closed polygon for each agent.
Formula.

Plot  as a closed polygon, closing back to . Radial range . Larger enclosed area  higher overall domain coverage; a single axis protruding outward  that criterion is exceptionally well reported.
Libraries. matplotlib (projection='polar').
Output. figures/domain_score_radar.svg, figures/domain_score_radar.png.
[bookmark: X3bb29d5db4b820f72ca125899227a89eaa7d356]Branches to. OUTPUT.
[bookmark: _Toc232863566]Algorithm 21
STEP 10A–10D: Domain-aware grading and radar plot
Input: {𝐱_{a,r}} ∈ ℝ⁸⁷               # all 32 run feature vectors
             ω ∈ {transcriptomics, metabolomics, proteomics}
Output: DomainScore_{a,r} ∈ [0, 100],  𝐠̄_a ∈ [0, 2]¹⁶,  radar polygon per agent
[bookmark: X1be6992174a767003b60d37e03b79e8509974cc] 1:  // 10A — Ordinal criterion grading
 2:  load 𝓒_ω = { C₁, …, C₁₆ }                    # 16 omics-specific criteria
 3:  load { g₁, …, g₁₆ }, each g_k : ℝ⁸⁷ → {0, 1, 2}
 4:  for every (a, r) ∈ 𝒜 × ℛ do
 5:      for k = 1 … 16 do
 6:          signals ← Σ_{kw ∈ requirement_k} 𝟏[ 𝐱_{a,r}[kw] > 0 ]
 7:          if    signals ≥ 2  then  g_k(a,r) ← 2
 8:          elif  signals = 1  then  g_k(a,r) ← 1
 9:          else                     g_k(a,r) ← 0
10:          end if
11:      end for
12:      𝐠_{a,r} ← (g₁(a,r), …, g₁₆(a,r))ᵀ ∈ {0,1,2}¹⁶
13:  end for
14:  // 10B — DomainScore per run
15:  for every (a, r) do
16:      G_{a,r} ← Σ_{k=1}^{16} g_k(a, r) ∈ {0, …, 32}
17:      DomainScore_{a,r} ← 100 · G_{a,r} / 32
18:  end for
19:  // 10C — Mean grade vector
20:  for every a ∈ 𝒜 do
21:      𝐠̄_a ← (1/8) · Σ_{r=1}^{8} 𝐠_{a,r}   ∈ [0,2]¹⁶
22:  end for
23:  // 10D — Polar coordinates
24:  for k = 1 … 16 do
25:      θ_k ← 2π·(k − 1) / 16
26:  end for
27:  for every a ∈ 𝒜 do
28:      polygon_a ← closed_polyline( (θ_k, [𝐠̄_a]_k)_{k=1..16}  ∥  (θ_1, [𝐠̄_a]_1) )
29:      draw polygon_a on radial axes range [0, 2]
30:  end for
31:  WriteCSV( {(a, r, DomainScore_{a,r})}, "tables/domain_"+ω+"_score_components.csv" )
32:  Save  "figures/domain_score_radar.svg",  "figures/domain_score_radar.png"
33:  return DomainScore, 𝐠̄, radar figure
[bookmark: _Toc232863567]Section E. Monte-Carlo satellites around agent centroids
Section E quantifies the positional uncertainty of an agent’s centroid in embedding space via two complementary resampling schemes: a nonparametric bootstrap (STEP 11A) and a parametric, regularized Gaussian (STEP 11B). The two schemes are computed in parallel and pooled into a single Monte-Carlo cloud per agent. See boxes STEP 11A and STEP 11B in Figure S1.
Let the matrix of run embeddings for agent  be
[bookmark: X4c1ef8b6d5a03d779501e10a408a9749cf69508]
STEP 11A: Bootstrap centroid resampling
Input. .
Process. For , draw eight indices  uniformly with replacement and average the corresponding row vectors.
Formula.

Result: bootstrap centroid matrix , a cloud of  synthetic centroids per agent.
Libraries. numpy.random.choice with replace=True.
Output. Stored together with the Gaussian satellites in tables/monte_carlo_centroids.csv.
[bookmark: X56d1ad18fd72bd8df3c42b4018be094e7823b62]Branches to. STEP 12A.
1.3 Algorithm 22
STEP 11A: Bootstrap centroid resampling
Input: 𝐕_a = stack( {𝐯_{a,r}}_{r=1..8} )   ∈ ℝ⁸ˣᵈ          # run vectors of agent a
                       N_mc ∈ ℕ, default 10 000
Output: 𝐌_a ∈ ℝ^{N_mc × d}                # bootstrap centroid cloud
[bookmark: Xb44cce62d4fb54646f11007928fdb891999f5e8].1:  seed(SEED)
 2:  𝐌_a ← zeros(N_mc, d)
 3:  for b = 1 … N_mc do
 4:      // resample 8 run indices with replacement
 5:      ξ⁽ᵇ⁾ ← (ξ₁⁽ᵇ⁾, …, ξ₈⁽ᵇ⁾),   ξ_i⁽ᵇ⁾ ∼ Uniform({1, …, 8})
 6:      𝐦_a⁽ᵇ⁾ ← (1/8) · Σ_{i=1}^{8} 𝐯_{a, ξ_i⁽ᵇ⁾}
 7:      𝐌_a[b, :] ← 𝐦_a⁽ᵇ⁾
 8:  end for
 9:  return 𝐌_a                              # 10 000 synthetic centroids
STEP 11B: Regularized Gaussian satellite sampling
Input. Same as STEP 11A.
Process (three sub-STEPS).
0. PCA pre-reduction — keep enough components to explain  of the variance in , yielding  with  (capped to avoid singularity given only 8 runs).
0. Sample mean and covariance in the reduced space:

0. Ridge regularization and sampling:


Project back to the original embedding space via the PCA component matrix :

Libraries. sklearn.decomposition.PCA, numpy.random.multivariate_normal.
Output. Combined into tables/monte_carlo_centroids.csv and figures/mc_satellites_3d.html.
Branches to. STEP 12A.
[bookmark: Xead7e4c7f06678a7fe8b6c04319129f29fa7c51]Caveat. Synthetic satellites are probes — they characterize positional variability, not real experimental outputs.
[bookmark: _Toc232863568]Algorithm 23
STEP 11B: Regularised Gaussian satellite sampling
Input: 𝐕_a ∈ ℝ⁸ˣᵈ                                  # 8 run vectors
        N_mc, α (ridge), SEED
Output: { 𝐳̃⁽ᵇ⁾ }_{b=1..N_mc} ⊂ ℝᵏ                  # Gaussian satellite cloud
 1:  // 1. PCA pre-reduction if d ≥ 8
 2:  if d ≥ 8 then
 3:      fit PCA(n_components = "0.95 var", random_state=SEED) on 𝐕_a
 4:      k ← number of retained components,   k ≤ 7
 5:      𝐙_a ← PCA.transform(𝐕_a)              # ∈ ℝ⁸ˣᵏ
 6:  else
 7:      𝐙_a ← 𝐕_a;   k ← d
 8:  end if
 9:  // 2. Sample mean and covariance in reduced space
10:  μ_a ← (1/8) · Σ_{r=1}^{8} 𝐳_{a,r}
11:  Σ̂_a ← (1/7) · Σ_{r=1}^{8} (𝐳_{a,r} − μ_a)(𝐳_{a,r} − μ_a)ᵀ
12:  // 3. Ridge regularisation
13:  Σ_a^reg ← Σ̂_a + α · 𝐈_k
14:  // 4. Sample N_mc points
15:  seed(SEED)
16:  for b = 1 … N_mc do
17:      𝐳̃⁽ᵇ⁾ ∼ 𝓝(μ_a, Σ_a^reg)
18:  end for
19:  return { 𝐳̃⁽ᵇ⁾ }                        # used as satellites around agent centroids in plots
[bookmark: _Toc232863569][bookmark: Xa21cd80b7552b77befaea9b5792f52aab8f8954]Section F. Bootstrap uncertainty quantification
[bookmark: X773cca947a895e8e2074aa71bf8825926af0eeb]Section F propagates the run-to-run variability into uncertainty on the AgentScore, the rank, and the head-to-head comparison between agents. See boxes STEP 12A, STEP 12B, STEP 12C, STEP 12D in Figure S1. The bootstrap matrix produced by STEP 12A is the common parent of STEPS 12B, 12C, and 12D, which run in parallel.
STEP 12A: Bootstrap mean score per iteration
Input. Per-run AgentScores  from STEP 9C; the bootstrap and Gaussian centroid clouds from STEPS 11A and 11B as the resampling distribution.
Process. For each of  iterations and each agent , draw eight run scores with replacement and average them.
Formula.

Result: , .
Libraries. numpy.random.choice.
Output. Bootstrap score matrix in memory.
[bookmark: Xe79f780c38589674ba40a1423d39b1973c49106]Branches to. STEPS 12B, 12C, 12D in parallel.
STEP 12B: Rank probability distribution
Input. Bootstrap matrix  from STEP 12A.
Process. Rank all agents per iteration (rank 1 = highest) and average the indicator across iterations.
Formula.


Libraries. numpy.argsort.
Output. tables/ranking_uncertainty.csv.
[bookmark: X767aa0b2ef382615b377663e249b928d5f6d423]Branches to. OUTPUT.
STEP 12C: Pairwise win probability
Input. Bootstrap matrix  from STEP 12A.
Process. For every ordered pair  with , count the fraction of iterations in which ’s bootstrap mean is strictly larger than ’s.
Formula.

(ties negligible for continuous scores).
Libraries. numpy.
Output. tables/pairwise_win_probabilities.csv.
[bookmark: X67c141c75d31941dc6d0841a55b927484dc0832]Branches to. OUTPUT.
STEP 12D: Confidence interval on mean score
Input. Bootstrap matrix  from STEP 12A.
Process. For every agent, compute the bootstrap standard error and the 2.5 % / 97.5 % percentiles of the bootstrap mean.
Formula.


Libraries. numpy.percentile, numpy.std.
Output. Columns SE, CI_low, CI_high in tables/ranking_uncertainty.csv and tables/bootstrap_error_summary.csv.
[bookmark: X68facef44191ccb6bb8de17bb46a2d484bc1fed]Branches to. OUTPUT.
[bookmark: _Toc232863570]Algorithm 24
STEP 12A–12D: Bootstrap ranking uncertainty
Input: {S_{a,r}}_{a∈𝒜, r∈ℛ}  ∈ ℝ⁴ˣ⁸             # run AgentScores (Algorithm 20)
             N_mc, SEED
Output: π_a(r) (rank probs), P(a_i ≻ a_j) (win probs),
              SE(S̄_a), CI₉₅(S̄_a)
[bookmark: section-g.-inter-agent-reliability] 1:  seed(SEED)
 2:  for b = 1 … N_mc do
 3:      // 12A — bootstrap mean score per agent
 4:      for every a ∈ 𝒜 do
 5:          ξ⁽ᵇ⁾ ← (ξ₁⁽ᵇ⁾, …, ξ₈⁽ᵇ⁾),  ξ_i⁽ᵇ⁾ ∼ Uniform({1,…,8})
 6:          S̄_a⁽ᵇ⁾ ← (1/8) · Σ_{i=1}^{8} S_{a, ξ_i⁽ᵇ⁾}
 7:      end for
 8:      // 12B — rank within this iteration
 9:      for every a ∈ 𝒜 do
10:          rank⁽ᵇ⁾(a) ← |{ a' ∈ 𝒜 : S̄_{a'}⁽ᵇ⁾ ≥ S̄_a⁽ᵇ⁾ }|        # rank 1 = best
11:      end for
12:  end for
13:  // 12B — rank probability distribution
14:  for every a ∈ 𝒜, r ∈ {1, 2, 3, 4} do
15:      π_a(r) ← (1 / N_mc) · Σ_{b=1}^{N_mc} 𝟏[ rank⁽ᵇ⁾(a) = r ]
16:  end for
17:  WriteCSV( {π_a(r)}, "tables/ranking_uncertainty.csv" )
18:  // 12C — pairwise win probability
19:  for every ordered pair (a_i, a_j) ∈ 𝒜², a_i ≠ a_j do
20:      P(a_i ≻ a_j) ← (1 / N_mc) · Σ_{b=1}^{N_mc} 𝟏[ S̄_{a_i}⁽ᵇ⁾ > S̄_{a_j}⁽ᵇ⁾ ]
21:  end for
22:  WriteCSV( {P(a_i ≻ a_j)}, "tables/pairwise_win_probabilities.csv" )
23:  // 12D — confidence interval on mean score
24:  for every a ∈ 𝒜 do
25:      SE(S̄_a)   ← std( {S̄_a⁽ᵇ⁾}_{b=1..N_mc} )
26:      CI₉₅(S̄_a) ← [ percentile_{2.5}( {S̄_a⁽ᵇ⁾} ),  percentile_{97.5}( {S̄_a⁽ᵇ⁾} ) ]
27:  end for
28:  WriteCSV( {(a, SE, CI₉₅)}, "tables/validation_summary.csv",
                                 "tables/bootstrap_error_summary.csv" )
29:  return π_a(r), P(a_i ≻ a_j), SE(S̄_a), CI₉₅(S̄_a)
[bookmark: _Toc232863571]Section G. Inter-agent reliability
[bookmark: Xe07e785d6ffb08f66e5d0e77405882464217586]Section G quantifies whether the four agents agree on the relative ordering of the runs (Kendall’s ) and whether they behave as parallel measurements of a common latent construct (Cronbach’s ). See boxes STEP 13A and STEP 13B in Figure S1. Both statistics consume per-run AgentScores from STEP 9C.
STEP 13A: Kendall’s W (coefficient of concordance)
Question of Step. Do all agents agree on which runs are better?
Input. Rank matrix

where  is the rank assigned by agent  to run  (1 = highest-scoring run within that agent’s eight runs).
Process.
0. Rank sums per run: .
0. Grand mean rank sum: .
0. Apply the closed-form formula.
Formula.

 — no agreement;  — perfect agreement.
Libraries. Custom implementation in numpy (the direct formula avoids edge cases with ties; scipy.stats is available but not required).
Output. Field kendall_W in tables/validation_summary.csv.
[bookmark: Xbd759a73c57f03b411341191c609f4b0d8baa89]Branches to. OUTPUT.
STEP 13B: Cronbach’s  (internal consistency)
Question of Step. Do agents score consistently across runs, or is each agent’s run-to-run variance large relative to between-agent variance?
Input. Score matrix , where  is the AgentScore assigned by agent  to run . Treat the four agents as four “items” of a scale and the eight runs as eight “respondents”.
Process. Compute per-item variances and the row-sum variance.
Formula. Let  be the sample variance of agent ’s scores across the eight runs, and  be the variance of the row-sums; then

Computed only when  (here ).
Libraries. Custom implementation in numpy.
Output. Field cronbach_alpha in tables/validation_summary.csv.
[bookmark: Xd74f1672e561dcd41d8eb5a71bde5a9ad042606]Branches to. OUTPUT
[bookmark: _Toc232863572]Algorithm 25
STEP 13A & 13B: Kendall’s  and Cronbach’s 
Input: {S_{a,r}} ∈ ℝ⁴ˣ⁸           # AgentScore matrix
Output: W ∈ [0, 1], α ∈ ℝ       # Kendall's W, Cronbach's α
 1:  // 13A — Kendall's W
 2:  // Within each agent a, rank the 8 runs by S_{a,·}  (rank 1 = highest)
 3:  for every a ∈ 𝒜 do
 4:      for every r ∈ ℛ do
 5:          R_{a,r} ← rank_of( S_{a,r} ; within row {S_{a,1}, …, S_{a,8}} )
 6:      end for
 7:  end for                                       # 𝐑 ∈ ℝ⁴ˣ⁸
 8:  // Sum of ranks across agents per run
 9:  for every r ∈ ℛ do
10:      R_r ← Σ_{a ∈ 𝒜} R_{a,r}
11:  end for
12:  // Grand mean rank sum
13:  R̄ ← (1/|ℛ|) · Σ_{r ∈ ℛ} R_r
14:  // Kendall's W formula
15:  W ← ( 12 · Σ_{r ∈ ℛ}(R_r − R̄)² )
         / ( |𝒜|² · (|ℛ|³ − |ℛ|) )
        // = ( 12 · Σ(R_r − R̄)² ) / ( 16 · 504 )      # for |𝒜|=4, |ℛ|=8
[bookmark: section-h.-outputs]16:  // 13B — Cronbach's α
17:  if |𝒜| < 3 then
18:      α ← undefined;  return W, α
19:  end if
20:  // Variance per agent (row) over the 8 runs
21:  for every a ∈ 𝒜 do
22:      V_a ← Var( S_{a,·} )           # sample variance over runs
23:  end for
24:  // Variance of the agent-sum across runs
25:  𝐬_total ← ( Σ_{a ∈ 𝒜} S_{a,1}, …, Σ_{a ∈ 𝒜} S_{a,8} )
26:  V_Σ ← Var( 𝐬_total )
27:  α ← ( |𝒜| / (|𝒜| − 1) ) · ( 1 − ( Σ_{a ∈ 𝒜} V_a ) / V_Σ )
28:  WriteCSV( {(W, α)}, "tables/reliability_statistics.csv" )
29:  return W, α
[bookmark: _Toc232863573]Section H. Outputs
The final deliverables of the pipeline, all rooted in the project’s output/<omics>/ directory, are:
Tables:
tables/file_inventory.csv (STEP 1)
tables/file_level_features.csv
tables/run_level_features.csv
tables/agent_level_features.csv (STEP 4C)
tables/pairwise_run_similarity.csv columns agent_a, run_a, agent_b, run_b, cosine_sim, euclidean_dist, jaccard_kw, jaccard_bio (STEPS 6A–6C)
tables/within_agent_reproducibility.csv (STEP 7A)
tables/between_agent_similarity.csv (STEP 7B)
tables/agent_scores.csv and tables/ranking_summary.csv (STEP 9C)
tables/domain_<omics>_score_components.csv (STEPS 10A–10D)
one per omics domain - tables/monte_carlo_centroids.csv (STEPS 11A/11B)
tables/ranking_uncertainty.csv,
tables/pairwise_win_probabilities.csv
tables/bootstrap_error_summary.csv (STEPS 12A–12D)
tables/validation_summary.csv (STEPS 13A/13B)
Figures: 
figures/pca_2d.svg, figures/pca_3d.html (STEP 8A)
figures/mds_2d.svg (STEP 8B)
figures/tsne_2d.svg (STEP 8C)
figures/umap_2d.svg (STEP 8D, optional)
figures/domain_score_radar.svg/.png and figures/domain_score_radar.csv (STEPS 10C/10D)
[bookmark: reproducibility-notes]figures/mc_satellites_3d.html (STEPS 11A/11B)
Reproducibility notes
a) All randomness is seeded by the global SEED = 42 constant. This covers numpy.random, every sklearn estimator that accepts random_state (PCA, t-SNE, MDS, TruncatedSVD), the bootstrap and Monte-Carlo iterations of STEPS 11–12, and the t-SNE/UMAP initialisations of STEP 8.
b) The whole pipeline is deterministic given identical inputs, library versions, and execution order.
c) The sentence-transformer model all-MiniLM-L6-v2 is loaded from a fixed local checkpoint; if absent, the pipeline falls back to TF-IDF + truncated SVD (STEP 5A-FB) and emits a warning into the log. Downstream similarity, scoring, and uncertainty calculations work identically on the fallback embeddings, but absolute cosine similarities are not directly comparable across the two paths.
d) UMAP (STEP 8D) is the only step that may be skipped silently if UMAP-learn is not installed; the rest of the pipeline degrades to the remaining three projection methods.
[bookmark: _Toc232863574][bookmark: X8fdb42c180dce892e45d57d2fa9dc4ae4dc5a09]Section I. Scoring audit & output-volume diagnostics (extension)
[bookmark: X3ce3ce7211b89cfa4e50183bb06a9cf016e3b33]This section documents the score-audit subsystem invoked from main.py STEP 12 (src/score_audit.py, src/fairness.py). Its purpose is to assess whether the proxy AgentScore is driven by methodological quality or merely by output volume (number of files, total characters, table count, figure count, artefact diversity), and to test ranking robustness under alternative score definitions.
STEP 12.1: Output-volume metrics per (agent, run)
Input. Inventory  (Algorithm 1), run-level features  (Algorithm 6), chunk map  (Algorithm 3), and file metadata.
Process. For every , compute six volume metrics:

Artefact diversity is the cardinality of distinct file-type categories observed for that run.
Libraries. pandas.
Output. tables/output_volume_metrics.csv (one row per (agent, run), columns above).
[bookmark: Xfcf7241d3cb57f35a903a4ca0fcc7d646093ef2]Branches to. STEP 12.2, STEP 12.3.
STEP 12.2: Score-volume correlation (= main.py STEP 12 — extension)
Input. Run scores  (Algorithm 20) and volume metrics (STEP 12.1).
Process. Compute Spearman rank correlation  between  and each volume metric  (file count, text length, table count, figure count, artefact diversity) across all 32 runs. High  flags a confound between scoring and verbosity.
Formula.

Libraries. scipy.stats.spearmanr.
Output. tables/score_volume_correlation.csv.
[bookmark: X8b50cb25391c2172af0009dbf9490919ecae4fa]Branches to. STEP 12.6 (audit summary).
STEP 12.3: Volume-penalised score (= main.py STEP 12 — extension)
Input.  and volume metrics.
Process. Build a residualised score  that subtracts the linear-regression projection of  onto the chosen volume metric (typically text_length). The intercept-preserving residual is rescaled back into  by linear stretch.
[bookmark: X1b8c433e09d1aa14df44d9afdfbf2a8084a7522]Output. Column AgentScore_volume_penalized in tables/score_audit.csv.
STEP 12.4: AgentScore excluding volume-driven features
Input. Run-level features .
Process. Recompute the AgentScore (Algorithm 20) from a feature vector with the four explicit volume-correlated indicators removed: . Subscores  and the final score are recomputed exactly as in Algorithms 18–20.
[bookmark: Xe400bed88d49774893f1e442943730eebdcbe44]Output. Column AgentScore_no_volume in tables/score_audit.csv.
STEP 12.5: Ranking sensitivity matrix (= main.py STEP 12 — extension)
Input. Six score variants: (i) proxy AgentScore, (ii) DomainScore, (iii) within-agent reproducibility  (Algorithm 15), (iv) volume-penalised score (STEP 12.3), (v) no-volume score (STEP 12.4), (vi) interpretation-depth subscore .
Process. Rank the four agents by mean score under each variant. Cell  of the sensitivity matrix is the rank of agent  under variant . The agent’s rank range across variants quantifies robustness.
[bookmark: X1dbde495a2f2bfa2e0b7f433eb09afcab79ae92]Output. tables/ranking_sensitivity_analysis.csv, with a transposed view used by the heatmap renderer.
STEP 12.6: Score-audit summary
Input. All artefacts from STEPS 12.1–12.5 plus the DomainScore.
Process. Compile a single score_audit.csv table with one row per diagnostic, including proxy_vs_domain_rank_correlation (agent-mean Spearman ρ between AgentScore and DomainScore).
[bookmark: X63ee16702bbea950dfd3c60fcebf178bce4f965]Output. tables/score_audit.csv.
STEP 12.7: Manual vs. proxy comparison
Input. Manual expert scores (optional, loaded via --scores) and proxy AgentScores.
Process. Join on (agent, run) and compute per-agent Pearson and Spearman correlations.
[bookmark: Xca3e5251a7ff7974c9a7bf85eb9f62968d8786f]Output. tables/manual_vs_proxy_scores.csv.
STEP 12.8: Fairness / information-access audit
Input. Run registry — an external CSV mapping (agent, run) → information_access_class (e.g. clinical metadata granted vs. not granted).
Process. For every information-access class, compute (1) the mean and standard deviation of AgentScore within that class, (2) the rank shift when restricting to one class, and (3) the Mann-Whitney U test between the two access classes.
Output. tables/fairness_sensitivity_summary.csv.
[bookmark: _Toc232863575]Algorithm 26
ScoreAudit( {x_{a,r}}, {S_{a,r}}, 𝓘, {𝒞(f)}, registry ) 
Input: run features, run scores, inventory, chunks, optional run registry
Output: volume_metrics, score_vol_corr, ranking_sensitivity, score_audit
[bookmark: X0448d1a5b63b18c970e0ac6b560c400909d78b5] 1:  volume_metrics ← ComputeOutputVolumeMetrics( 𝓘, {x_{a,r}}, {𝒞(f)} )
 2:  for every metric m ∈ {file_count, text_length, table_count,
                          figure_count, artifact_diversity} do
 3:      ρ_{S,m} ← SpearmanR( {S_{a,r}}, {m_{a,r}} )
 4:  end for
 5:  S^vp ← LinearResidualise( {S_{a,r}} ;  reference = text_length )
 6:  x^nv ← Drop( x ;  features ∈ {n_tables, n_code, n_numeric, n_chars} )
 7:  {S^nv_{a,r}} ← AgentScore( x^nv )                        # Algorithms 18–20
 8:  for every variant v ∈ {proxy, domain, ρ_a, vol-penalised, no-volume, D} do
 9:      rank_v(a) ← rank( S̄^v_a )
10:  end for
11:  audit ← Collect( all diagnostics into single CSV )
12:  if registry ≠ ⊥ then
13:      fairness ← FairnessSensitivity( {S_{a,r}}, registry )
14:  end if
15:  WriteCSV( volume_metrics, score_vol_corr, ranking_sensitivity, audit )
16:  return audit
[bookmark: _Toc232863576]Section J. Error estimation & uncertainty (extension)
[bookmark: X58a945cf00269077234e3df3a7c6f9eac6c6127]This section documents the error-analysis subsystem (src/error_analysis.py) invoked from main.py STEP 12b. It computes bootstrap standard errors and confidence intervals for every quantity the pipeline reports, beyond just the AgentScore mean.
STEP 12b.1: Per-score bootstrap error summary (= main.py STEP 12b — extension)
Input. A dictionary mapping score-variant labels (e.g. A_proxy_agentscore, B_domain_score, D_interpretation_depth, E_process_quality, F_volume_penalized, G_no_volume_features) to (dataframe, column) pairs.
Process. For every variant and every agent, draw  resamples of the 8 runs with replacement, recompute the mean, and report the empirical SE and the 2.5/97.5-percentile CI. .
[bookmark: Xf55d812248aabe91daae84ca81f9cf045cc5c01]Output. tables/score_error_summary.csv.
STEP 12b.2: Bootstrap CI per agent for AgentScore (= main.py STEP 12b — extension)
Input. Run scores;  as above.
Process. Identical bootstrap as Algorithm 24 STEP 12A–12D but reported as agent-level SE and CI (not just the rank distribution).
[bookmark: X786189a2c0dd1196984283f9dc98b6a49ed2597]Output. tables/bootstrap_error_summary.csv.
STEP 12b.3: Pairwise score-difference error (= main.py STEP 12b — extension)
Input. Run scores.
Process. For every ordered pair  with , the bootstrap distribution of  is summarised by its mean, SE, and 95 % CI. Pairs whose CI excludes zero are reported as statistically separable.
[bookmark: X59f4e86be6cc0d2b50c1c7b45425daf8819f33c]Output. tables/pairwise_score_difference_error.csv.
STEP 12b.4: Ranking error summary (= main.py STEP 12b — extension)
Input. Run scores.
Process. Per agent, bootstrap the rank statistic from STEP 12B (Algorithm 24 line 10). Report the modal rank, the rank-1 probability , and a 95 % CI on the rank.
[bookmark: X30df9d5abb346e491390a2846da8f893662c5cf]Output. tables/ranking_error_summary.csv.
STEP 12b.5: Reproducibility error (= main.py STEP 12b — extension)
Input. Pairwise similarity table (Algorithm 14), run embeddings, between-agent similarity.
Process. Bootstrap-resample the within-agent pair similarities (Algorithm 15) and the between-agent similarity (Algorithm 16); report SE and CI on , , and .
[bookmark: Xb180aedfc044f7d34133d841d962eccd58eeff4]Output. tables/reproducibility_error_summary.csv.
STEP 12b.6: Monte-Carlo distance distributions
Input. Run embeddings  and bootstrap centroid cloud  (Algorithm 22).
Process. For each agent, compute the empirical CDF of the distance from every bootstrap centroid to the observed centroid  (Algorithm 11). The resulting distribution is the uncertainty halo plotted around each agent in the embedding figures.
[bookmark: X41fadfb8fb4ef0e2b67fb1afdb5784c7a3dfec7]Output. Summary statistics in tables/monte_carlo_error_summary.csv, raw distances passed to the centroid-uncertainty plot.
STEP 12b.7: Outlier-run flagging (= main.py STEP 12b — extension)
Input. Run scores; threshold = mean ± 2 SD per agent.
Process. For every agent, compute  and  over the 8 run scores. Flag any run with  as an outlier.
Output. tables/outlier_runs.csv.
Side effect. PCA, MDS, t-SNE, UMAP figures are re-rendered with outlier annotations.
[bookmark: _Toc232863577]Algorithm 27
= ErrorAnalysis( score_defs, {𝐯_{a,r}}, M_a ;  N_boot, SEED )
Input: score_defs ∈ Dict[label → (DataFrame, score_column)]
          {𝐯_{a,r}} run embeddings,  M_a bootstrap centroids (Algorithm 22)
          N_boot, SEED
Output: per-quantity (SE, CI_95) tables
 1:  for every (label, (df, col)) ∈ score_defs do
 2:      for every a ∈ 𝒜 do
 3:          for b = 1 … N_boot do
 4:              ξ⁽ᵇ⁾ ← resample 8 runs with replacement
 5:              S̄_a^{label,(b)} ← mean( df[col][ a, ξ⁽ᵇ⁾ ] )
 6:          end for
 7:          SE_a^{label} ← std( {S̄_a^{label,(b)}} )
 8:          CI_a^{label} ← [ pct_{2.5}, pct_{97.5} ]
 9:      end for
10:  end for
11:  // Pairwise score-difference error (STEP 12b.3)
12:  for every ordered pair (a_i, a_j) do
13:      Δ_{ij}^{(b)} ← S̄_{a_i}⁽ᵇ⁾ − S̄_{a_j}⁽ᵇ⁾
14:      mean_Δ, SE_Δ, CI_Δ ← summarise( {Δ_{ij}^{(b)}} )
15:  end for
16:  // Outlier flagging (STEP 12b.7)
17:  for every a ∈ 𝒜 do
18:      μ_a, σ_a ← mean, std over runs
19:      flag_{a,r} ← 𝟏[ |S_{a,r} − μ_a| > 2σ_a ]
20:  end for
21:  WriteCSV( all summaries )
22:  return summaries

[bookmark: _Toc232863578][bookmark: X33dc11f4303381a66b04a284b041c49f16157cf]Section K. Consensus and divergence analysis (extension)
[bookmark: X51c8cf6f4fbaa4546fdc0ac435e4a5872ec7106]This section documents the consensus / divergence subsystem (src/consensus_divergence.py) invoked from main.py STEP 12d. Its purpose is to identify (a) terms used by all agents (the consensus core), (b) terms unique to one agent (agent-specific vocabulary), and (c) how closely each run aligns with the consensus core in the embedding space.
STEP 12d.1: Run × term presence matrices (= main.py STEP 12d — extension)
Input. Parsed file texts  (Algorithm 2) and three curated term dictionaries:
a)  — methodology terms (e.g. LC-MS, normalization, FDR, KEGG)
b)  — biological-theme terms (e.g. oxidative stress, immune, amino acid metabolism)
c)  — reporting-style terms (e.g. fold change, volcano, heatmap)
Process. For each domain , build a binary matrix  where .
[bookmark: X96f4f78ec600bff3ec3086e765d6dd3fe57b7e2]Output. tables/consensus_method_terms.csv, consensus_biological_terms.csv, consensus_reporting_terms.csv.
STEP 12d.2: Shared vs. unique features
Input. The three term presence matrices.
Process. For every term , compute the set of agents that ever use it: . Classify:
a) Shared: .
b) Mostly shared: .
c) Split: .
d) Agent-specific:  (the unique agent is recorded).
e) Never seen:  (excluded).
[bookmark: Xaf0d668b4c9009fcf2a895a1a5665d81fe15160]Output. tables/shared_terms_summary.csv, tables/agent_specific_terms.csv.
STEP 12d.3: Consensus core
Input. Shared-classification output.
Process. Define the consensus core as the union of Shared and Mostly shared terms across all three dictionaries — the terms that any reasonable expert reading would expect every agent to mention.
[bookmark: Xcc607719abd996ef1894763b9bee4ec70506dd3]Output. tables/consensus_core_terms.csv
STEP 12d.4: Consensus-alignment score per run
Input. Run embeddings , term presence matrices, consensus core.
Process. For every run :

An additional embedding-based variant computes the cosine similarity between  and the centroid of all consensus-core-anchored runs.
[bookmark: X4977a22df5cce01ea2f0c9c05aa30343ef23eec]Output. tables/consensus_alignment_scores.csv (per run), tables/consensus_alignment_error_summary.csv (bootstrap SE, CI by agent).
STEP 12d.5: Agent distinctiveness
Input. Run embeddings, term presence matrices, agent-specific term list.
Process. For every agent :

Higher values mean the agent introduces vocabulary the others never use; lower values mean it operates inside the shared lexicon.
[bookmark: X93af8d6168460d6facc1fc1e789d5012fe92750]Output. tables/agent_distinctiveness_scores.csv, agent_distinctiveness_error_summary.csv.
STEP 12d.6: Commonality/difference and consensus validation summaries
Input. All artefacts from STEPS 12d.1–12d.5 plus run scores and within-agent reproducibility.
Process. Compile two summary tables: commonality_difference_summary.csv — for each agent, the counts of shared / mostly-shared / split / agent-specific terms, the mean alignment, the mean distinctiveness, and how these relate to the AgentScore AND consensus_validation_summary.csv — one row per diagnostic; the table is the consensus-side equivalent of the score audit summary.
Output. Two CSVs above.
[bookmark: _Toc232863579]Algorithm 28
= ConsensusDivergence
Input: parsed texts, file meta, run embeddings, run scores, three term dictionaries, bootstrap budget
Output: shared_terms, consensus_core, alignment, distinctiveness, commonality_difference, consensus_validation
[bookmark: Xc74745d0ef20ca9edd798df63650a61b12360e6] 1:  for every dictionary 𝒯 ∈ {𝒯_meth, 𝒯_bio, 𝒯_rep} do
 2:      M^𝒯_{(a,r), t} ← 𝟏[ t appears in concat( T(f) : (a,r) of f ) ]
 3:  end for
 4:  // Shared / unique classification
 5:  for every term t do
 6:      𝒜_t ← { a ∈ 𝒜 : ∃ r ∈ ℛ,  M^𝒯_{(a,r), t} = 1 }
 7:      label(t) ← {Shared if |𝒜_t|=4; MostlyShared if 3;
                    Split if 2; AgentSpecific(𝒜_t) if 1; NeverSeen if 0}
 8:  end for
 9:  consensus_core ← { t : label(t) ∈ {Shared, MostlyShared} }
10:  // Alignment per run
11:  for every (a, r) do
12:      T_used ← { t : M^𝒯_{(a,r), t} = 1 for any 𝒯 }
13:      Alignment_{a,r} ← |T_used ∩ consensus_core| / |consensus_core|
14:  end for
15:  // Distinctiveness per agent
16:  for every a ∈ 𝒜 do
17:      T_a^uniq  ← { t : label(t) = AgentSpecific({a}) }
18:      T_a^used  ← { t : ∃ r,  M^𝒯_{(a,r), t} = 1 }
19:      Distinctiveness_a ← |T_a^uniq| / |T_a^used|
20:  end for
21:  // Bootstrap SE and CI for alignment and distinctiveness
22:  Bootstrap( N_boot, SEED ) over runs of each agent and report SE, CI
23:  WriteCSV( all summaries )
24:  return summaries
[bookmark: _Toc232863580]Section L. Appendix — Index of all algorithms
Table S6. Titles of keys STEPS of algorithm works
	#
	STEP (spec)
	STEP (main.py)
	Title

	1
	STEP 1
	STEP 1
	Directory scan and inventory construction

	2
	STEP 2
	STEP 2
	File parsing

	3
	STEP 3
	STEP 4
	Text chunking with overlap

	4
	STEP 4A
	STEP 3
	Structural feature counts

	5
	STEP 4B
	STEP 3
	Keyword feature counts

	6
	STEP 4C
	STEP 3
	Aggregate to file/run/agent feature vectors

	7
	STEP 5A
	STEP 5
	Chunk embeddings (PRIMARY: transformer)

	8
	STEP 5A-FB
	STEP 5
	Chunk embeddings (FALLBACK: TF-IDF + SVD)

	9
	STEP 5B
	STEP 5
	File embedding (mean pool)

	10
	STEP 5C
	STEP 5
	Run embedding (mean pool)

	11
	STEP 5D
	STEP 5
	Agent centroid (mean pool)

	12
	STEP 6A
	STEP 6
	Pairwise cosine similarity (embedding space)

	13
	STEP 6B
	STEP 6
	Pairwise Euclidean distance (feature space)

	14
	STEP 6C
	STEP 6
	Pairwise Jaccard similarity (keyword sets)

	15
	STEP 7A
	STEP 6
	Within-agent reproducibility index

	16
	STEP 7B
	STEP 6
	Between-agent similarity

	17
	STEP 8
	STEP 7 + 8
	Dimensionality reduction + plots

	18
	STEP 9A
	STEP 10
	Binary component vectors 

	19
	STEP 9B
	STEP 10
	Subscores 

	20
	STEP 9C
	STEP 10
	Composite AgentScore 

	21
	STEP 10A-D
	STEP 10
	Domain-aware grading + radar

	22
	STEP 11A
	STEP 9
	Bootstrap centroid resampling

	23
	STEP 11B
	STEP 9
	Regularised Gaussian satellite sampling

	24
	STEP 12A-D
	STEP 11
	Bootstrap ranking uncertainty

	25
	STEP 13A-B
	STEP 11
	Kendall’s  + Cronbach’s 

	26
	(ext.)
	STEP 12
	Score audit + output-volume diagnostics

	27
	(ext.)
	STEP 12b
	Error estimation & uncertainty

	28
	(ext.)
	STEP 12d
	Consensus and divergence analysis


[bookmark: limitations]All 28 algorithms operate on the canonical pipeline constants — , , , , , , , SEED  — and use the symbols defined in the Notation Conventions section above.
[bookmark: _Toc232863581]Limitations
1. AgentScore is a textual proxy. It measures keyword-detectable features in the agent’s written output, not the verified scientific correctness of the underlying analysis. An agent that performs sound analysis but reports it tersely may receive a low AgentScore; an agent that copies methodological language without performing the analysis may receive a high one.
1. Radar values are not cross-domain comparable.  is bounded in  but the criterion functions  differ per omics domain. A 2.0 on the metabolomics lcms_context axis is not directly comparable to a 2.0 on the transcriptomics rnaseq_platform axis.
1. Bootstrap and Monte-Carlo intervals describe within-experiment variability. They capture variability over the observed eight runs per agent — they are not population-level confidence intervals over all possible agent behavior.
1. Embedding geometry depends on . The TF-IDF fallback induces a different metric space and yields different cosine similarity values from the transformer path.
1. Curated dictionaries are static. The 87-dimensional feature vector and the 16-criterion ordinal grading both depend on hand-curated keyword dictionaries and regex rules. A meaningful change in nomenclature in the input documents (e.g. a different convention for marking -values) requires updating those dictionaries before re-running.
1. Gaussian satellites assume ellipticity. The regularized covariance protects only against near-singular cases, not against strong multimodality in the run cloud.
1. Cronbach’s  is internal consistency only. It assumes the four agents are interchangeable measurements of the same latent construct; it does not test validity.
1. No access to reasoning traces. The pipeline characterizes agent outputs at the level of textual artefacts; it does not inspect the agents’ internal chain-of-thought or any ground-truth biology beyond what the keyword and grading dictionaries capture.
All formulas above are derived directly from the reference implementation in src/scoring.py, src/features.py, src/embeddings.py, src/chunking.py, src/similarity.py, src/domain_scoring.py, src/validation.py, src/monte_carlo.py, and src/dimensionality.py.
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