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Abstract

Retrieval-Augmented Generation (RAG) sys-001
tems are increasingly used for Question An-002
swering (QA) tasks. However, evaluating their003
effectiveness remains challenging due to the004
lack of reliable reference resources and the fre-005
quent misalignment between automatic met-006
rics and human judgments. Moreover, there is007
a scarcity of datasets that contain real-world008
questions posed by domain experts. To ad-009
dress this problem, we introduce two novel010
biomedical question datasets concerning the011
association of wheat genes with specific traits,012
along with human preference annotations on013
LLM-generated answers. Methodologically,014
we explore how to leverage human preferences015
to calibrate off-the-shelf metrics for automatic016
evaluation, and we find that the calibrated met-017
rics achieve higher agreement with human pref-018
erences compared to baseline metrics on the019
held-out test set.020

1 Introduction021

Large Language Models (LLMs) have shown022

promise in answering biomedical questions (Luo023

et al., 2022; Bolton et al., 2024; Labrak et al., 2024;024

Minbyul et al., 2024; Kafkas et al., 2025). Recently,025

several question answering (QA) models based026

on Retrieval-Augmented Generation (RAG) tech-027

niques have been proposed; for example, Lyu et al.028

(2024); Jin et al. (2024); Wang et al. (2024) sup-029

port answer generation, with a special focus on the030

biomedical domain. However, most of these RAG-031

based biomedical QA systems are not publicly ac-032

cessible. Furthermore, they typically focus on an-033

swering multiple-choice questions or questions that034

require short answers (e.g., identifying gene aliases035

or gene ontology terms). Consequently, the effec-036

tiveness of these RAG-based systems in generating037

long-form responses to biomedical questions re-038

mains underexplored.039

In a standard RAG setting, given a question,040

the system first retrieves relevant information as041

the context and then uses this context to gener- 042

ate an answer. However, when evaluating such 043

systems on specialized, discovery-oriented scien- 044

tific questions, such as “What proportion of Tran- 045

scriptomic studies on plants found ICE1 Transcrip- 046

tion factors to be associated with cold acclima- 047

tion?”, ground-truth answers are usually unavail- 048

able. To tackle this challenge, Schimanski et al. 049

(2024) propose evaluating RAG-based QA systems 050

along three quality dimensions: (1) the response 051

should rely only on relevant sources; (2) the re- 052

sponse should follow the correct format to maxi- 053

mize traceability; and, (3) the answer should be 054

entailed by the cited source. Similarly, Es et al. 055

(2024) propose a set of evaluation metrics that as- 056

sess the retrieval system and the answer generation 057

system separately. However, prior works show that 058

experts apply stricter and more domain-specific cri- 059

teria than non-expert judges (Bavaresco et al., 2025; 060

agu, 2024). It therefore remains unclear whether 061

existing evaluation metrics truly capture the quality 062

dimensions that scientists care about. 063

To address both of these gaps, we first work with 064

domain experts to build two datasets of plant and 065

agricultural genomic questions (FROSTTOLGENE 066

and OZWHEATGENE), focusing on gene–trait as- 067

sociations in wheat. For these questions, we 068

also collect human preference annotations for 069

model-generated answers, along with the reasons 070

behind their decisions. Then, we examine the cor- 071

relation between some of the existing automatic 072

evaluation metric scores and the preference judg- 073

ments provided by domain experts. We find that 074

these metrics, each focusing on different compo- 075

nents of the RAG-based system, show varying 076

levels of alignment with human preferences. In- 077

spired by our findings and the recent work on 078

integrating human feedback into finetuning (Bai 079

et al., 2022; Xu et al., 2025) or human-aligned 080

LLM-evaluators (Lee et al., 2024; Ye et al., 2025; 081

Polo et al., 2025), we investigate using human 082
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preferences to calibrate existing metrics and find083

that the calibrated metrics achieve higher agree-084

ment with human preferences than uniform- and085

random-weight metrics. Finally, we identify some086

of the quality dimensions from human feedback087

that are not captured by existing metrics. Our con-088

tributions can be summarized as:089

• Two public datasets of plant and agricultural090

genomic questions, on gene-trait associations091

of the wheat that require evidence-supported092

answers.1 We also solicit human preferences093

for LLM-generated answers, along with the094

reasons behind their decisions.095

• A human preference-guided metric calibration096

technique to determine how evaluation met-097

rics contribute to the quality assessment of the098

LLM-generated responses.099

• Demonstrate the utility of the dataset and the100

calibration method in the context of GEN-101

ERAG, our proposed system, to answer gene-102

phenotype association questions that require103

generating long answers with evidence from104

the literature.105

2 Problem Statement106

We assume a 3-stage RAG-based system: (1) query107

formulation from user question; (2) retrieval and108

corresponding creation of content surrogates (i.e.,109

summarizing retrieved documents) for inclusion in110

the prompt for answer generation; and, (3) LLM111

answer generation. Furthermore, we are assuming112

that, in an applied setting, decisions are needed113

about which variation is most effective for the pro-114

posed use case. Such decisions relate to the choice115

of LLM for each component or to algorithmic vari-116

ations in any of the three above-mentioned steps.117

Building on the RAGAS evaluation framework118

proposed by Es et al. (2024), we consider the sce-119

nario where ground-truth answers are unavailable,120

yet a practical evaluation approach is still needed121

to inform design decisions for the RAG-based QA122

system. Here, we first collect a pool of answers123

for a given question by running different variations124

of a QA system. Then, using existing automatic125

evaluation metrics, we rank the candidate answers126

and select a few options for human judgment. Fi-127

nally, the collected human judgments and feedback128

are used to build better evaluation metrics and to129

inform design decisions for the QA system.130

1Code and datasets: https://shorturl.at/uTkmv

Figure 1: An overview of our RAG-based QA system.

3 RAG-based QA System 131

To enable our study, we first built an in-house QA 132

system, GENERAG, after finding that existing can- 133

didates for biomedical QA systems are either not 134

publicly available or focused solely on generating 135

short answers. Figure 1 shows the pipeline of our 136

system and design options for each stage. 137

Query Formulation. Our prospective user group, 138

consisting of plant genomics researchers, typi- 139

cally relies on NCBI’s Entrez system2 to search 140

databases such as PubMed for relevant scientific 141

information. To search via the Entrez API (Os- 142

tell, 2012), we first need to convert a user ques- 143

tion to search terms. To do this, we prompt LLMs 144

with few-shot examples to: (1) generate a single 145

query term for a given question (this setting is de- 146

noted as SQ); and, (2) create sub-questions from 147

the given question and then generate a query term 148

for each sub-question (denoted as MQ). In the SQ 149

setting, we use the following four LLMs: GPT3.5- 150

turbo, GPT4o-mini, GEMMA2-9B, and Mistral- 151

Nemo-12B. In the MQ setting, we use GPT4o-mini 152

and Mistral-Nemo-12B.3 153

Context Retrieval. GENERAG retrieves rele- 154

vant abstracts from PubMed focusing only on the 155

open-access subset. A brief description of the 156

PubMed API is provided in Appendix §A. In the 157

MQ setting, where multiple query terms are gener- 158

ated, two search variants are implemented in GEN- 159

ERAG: (1) concatenating all query terms into a sin- 160

gle query string using the OR operator (MQ+Cat); 161

and, (2) retrieving abstracts separately for each 162

query term (MQ+Stack). 163

After retrieving these abstracts, we follow Pa- 164

2https://www.ncbi.nlm.nih.gov/search/
3We evaluated several domain-specific (BioMistral-

7B, BioMedLM, MedLLAMA-7B, PMC-LLAMA-7B and
BioGPT-Large) and general-purpose LLMs (QWEN2.5-32B
and Claude-3-Sonnet) for query formulation and answer gen-
eration on a subset of questions and selected the final models
for each stage based on preliminary manual quality inspection.
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perQA2 (Skarlinski et al., 2024) pipeline which165

uses GPT4o-mini to chunk, filter, re-rank, and sum-166

marize them. The final context is a set of summa-167

rized relevant excerpts from the abstracts.168

Answer Generation. Given the user’s question169

and the context from the previous step, the system170

prompts an LLM (GPT4o-mini or QWEN-3-8B) to171

generate the final answer.172

4 Dataset and Human Annotations173

In collaboration with two plant genomics scien-174

tists, we compiled two new datasets. The scientists175

selected candidate wheat genes identified through176

their own genomic annotation research and posed177

questions regarding the association of these genes178

with specific traits. The resulting questions are179

divided into two sets:180

• FROSTTOLGENE, a set of 42 questions that181

enquire about the relevance of genes to frost182

tolerance and cold acclimation, using genes183

that were identified through a literature search184

by the domain experts.185

• OZWHEATGENE, a set of 23 questions from186

preliminary genome-wide association analy-187

sis that identified genes linked to crop yield188

and component traits for crop yield using the189

genes from Ozwheat diversity panel (Hyles190

et al., 2024). These questions are related to191

multiple genes and physical traits of wheat.192

4.1 Collecting Human Preferences193

We collected expert preferences over pairs of ques-194

tions from the FROSTTOLGENE and OZWHEAT-195

GENE datasets and LLM-generated answers196

through an internally developed survey application197

(details in Appendix §C).198

For each question, we first generated a pool of 12199

answers using different variants (i.e., combinations200

of design options) using our QA system. Next, we201

selected three candidate answers per question based202

on the aggregated RAGAS evaluation scores (Es203

et al., 2024). That is, we sampled the highest-,204

moderate-, and lowest-quality answers. Finally,205

these three answers were paired sequentially for an-206

notation. That means, the first pair consisted of two207

of the three answers chosen randomly, and the sec-208

ond pair consisted of the preferred answer from the209

first pair and the third answer. In this task, the an-210

notators were not aware of the quality ranks of the211

Annotators Three Answers Single Pairs

Overall (avg.) 0.50 0.68

E1-E2 0.31 0.53
E2-E3 0.46 0.66
E1-E3 0.74 0.72

Table 1: Inter-annotator agreement (Cohen’s Kappa κ) be-
tween the three domain expert annotators (E). Preferences
over three answers and single pairs are reported.

answers. During the annotation process, the anno- 212

tators could only see the generated contexts and the 213

answers, and did not have access to the formulated 214

query or the retrieved set of abstracts. In addition 215

to selecting their preferred answer, the annotators 216

were instructed to provide a short explanation of 217

the problems they identified in the unpreferred an- 218

swer (referred to later as the human reasonings). 219

We took this approach to reduce annotation effort, 220

while keeping in mind that our focus is on identi- 221

fying effective evaluation metrics to guide design 222

choices. 223

Of the 65 questions across both datasets, two 224

questions (one from each dataset) were reserved 225

for annotator training and excluded from analysis. 226

For the remaining 63 questions, we collected anno- 227

tations on answer pairs, resulting in 166 pairwise 228

comparisons. Ten questions were annotated by 229

three domain expert annotators, and the remaining 230

53 were single-annotated. 231

4.2 Inter-annotator Agreements 232

We measured the inter-annotator agreements un- 233

der two complementary settings using Cohen’s κ. 234

First, we computed the agreements over the final 235

preferred answer after the annotators (E) had seen 236

all three answers. Second, we computed the agree- 237

ments over only the identical answer pairs shared 238

across annotators. Table 1 reports the measured 239

agreements. Overall agreement over three-answer 240

preferences was moderate (κ=0.50), while agree- 241

ment over identical answer pairs was higher (κ 242

= 0.68). The agreements varied across annotator 243

pairs, with the highest agreement observed between 244

E1 and E3 (κ=0.739) for the three-answer prefer- 245

ences, and between E2 and E3 (κ=0.72) for the 246

common pairs. Additionally, we also calculated 247

the Leave-One-Out (LOO) inter-annotator agree- 248

ment scores to assess individual annotators’ im- 249

pact on the agreement level. The LOO Cohen’s 250

κ scores were 0.31 for E1, 0.12 for E2, and 0.32 251

3



Quality Metric Evaluation
Dimension Dimension

Semantic Similarity ROUGE-1 (Lin, 2004), Qr2Q,
BERTScore (Zhang et al., 2020), C2Ab, A2C
CosSim. (Reimers and Gurevych, 2019)

Relevance Context Relevance (Es et al., 2024) C2Q

(LLM-based) Answer Relevance (Es et al., 2024) A2Q

Factual consistency FactCC (Kryscinski et al., 2020) C2Ab, A2C

AlignScore (Zha et al., 2023) Qr2Q, C2Q, A2Q,
C2Ab, A2C

Faithfulness HHEM-2.1-open (Es et al., 2024) C2Ab, A2C

Table 2: List of evaluation metrics selected for evalu-
ation of different evaluation dimensions of GENERAG
pipeline. Qr2Q=query-to-question, C2Q=context-to-question,
A2Q=answer-to-question, C2Ab=context-to-abstract and
A2C=Answer-to-Context.

for E3, indicating that the annotators have higher252

variability in individual alignment with the remain-253

ing annotators. This also highlights the challenge254

of conducting human evaluation in highly special-255

ized domains, since domain experts usually have256

slightly different background knowledge, which257

can strongly influence their judgments. Note, E2258

was a bioinformatician, whereas E1 and E3 were259

plant genomics scientists.260

5 Automatic vs. Human Evaluation261

Drawing from existing evaluation frameworks in262

the literature, we first identified a set of quality263

dimensions and corresponding metrics for the eval-264

uation of RAG-based systems. Beyond assessing265

only the quality of final answers, following Es et al.266

(2024), we used these metrics to assess individual267

components of the GENERAG pipeline.268

5.1 Metrics and Dimensions269

We applied multiple metrics across five evaluation270

dimensions. Specifically, we assessed the quality271

of the formulated query, the retrieved context, and272

the final answers to the user questions, which we273

refer to as in the Qr2Q, A2Q and C2Q evalua-274

tion, respectively. Additionally, in A2C evaluation,275

the generated answers were checked against the276

context, and in C2Ab evaluation, the generated277

contexts by PaperQA2 were evaluated against the278

retrieved abstracts.279

To measure the quality of individual components280

of GENERAG, we selected the semantic similar-281

ity, relevance, factual consistency and faithfulness282

quality dimensions based on our investigation and283

adopted suitable metrics for each dimension. The284

metric list is presented in Table 2. Details of the285

quality dimensions are as follows:286

Semantic similarity measures how closely a text 287

aligns with a reference text in terms of mean- 288

ing. We chose multiple long-standing seman- 289

tic similarity metrics, such as ROUGE-1 (Lin, 290

2004) (unigram overlap; F1-score), cosine sim- 291

ilarity based on SentenceTransformer (Reimers 292

and Gurevych, 2019) embeddings (CosSim), and 293

BERTScore (Zhang et al., 2020) (contextualised 294

token embeddings), and applied them to Qr2Q, 295

C2Ab and A2C evaluation. 296

Relevance is a LLM-based metric adopted from 297

the RAGAS framework (Es et al., 2024). We mea- 298

sured the relevance of the retrieved contexts (con- 299

text relevance) and generated answers (answer rel- 300

evance) to the user questions for C2Q and A2Q 301

evaluations. To measure answer relevance, an LLM 302

was prompted to create several possible questions 303

that could have led to the given answer. Finally, the 304

cosine similarities between these generated ques- 305

tions and the original question were computed and 306

averaged to get the answer relevance. Context rele- 307

vance was evaluated by asking an LLM to extract 308

only the sentences from the context that are essen- 309

tial for answering the question and computing the 310

ratio between the total number of extracted relevant 311

sentences and the total number of sentences in the 312

context. 313

Factual consistency measures if the generated 314

answer is supported by the source material. In 315

our case, we used two metrics for factual consis- 316

tency evaluation: (1) FactCC (Kryscinski et al., 317

2020), which checks the factual correctness; and, 318

(2) AlignScore (Zha et al., 2023) that measures the 319

NLI-based textual entailments between two sets of 320

texts. Here, we applied the pretrained BERT-based 321

FactCC model4 and RoBERTa-based AlignScore- 322

base model.5 Both metrics split the claim and ref- 323

erence texts into small chunks and evaluate each 324

split as a pair. FactCC predicts consistency be- 325

tween pairs, while AlignScore computes a unified 326

alignment score through regression. 327

We applied AlignScore in testing components 328

against the user questions for Qr2Q, C2Q and 329

A2Q evaluation. For C2Ab and A2C evaluation, 330

we applied both FactCC and AlignScore. 331

Faithfulness refers to the extent to which the 332

LLM’s output remains grounded in the evidence. 333

In our setting, for the C2Ab and A2C evaluations, 334

4https://huggingface.co/manueldeprada/FactCC
5https://huggingface.co/yzha/AlignScore
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Setting Query Ans Qr2Q C2Q C2Ab A2Q A2C
LLM LLM Avg. Avg. Avg. Avg. Avg.

SQ GPT3.5 GPT4 0.606 0.154 0.465 0.793 0.408
GPT3.5 QWEN 0.813 0.497

GPT4 GPT4 0.596 0.175 0.486 0.789 0.414
GPT4 QWEN 0.823 0.484

GEMMA GPT4 0.596 0.183 0.471 0.774 0.422
GEMMA QWEN 0.804 0.478

Mistral GPT4 0.567 0.220 0.481 0.792 0.391
Mistral QWEN 0.811 0.473

MQ+Cat GPT4 GPT4 0.607 0.264 0.521 0.788 0.392
GPT4 QWEN 0.779 0.399

Mistral GPT4 0.564 0.268 0.517 0.807 0.421
Mistral QWEN 0.785 0.433

MQ+Stack GPT4 GPT4 0.579 0.313 0.511 0.804 0.399
GPT4 QWEN 0.748 0.423

Mistral GPT4 0.578 0.312 0.511 0.812 0.399
Mistral QWEN 0.743 0.422

Table 3: Metric scores for FROSTTOLGENE query, context
and answer evaluation in three settings: SQ, MQ+Cat and
MQ+Stack (Best bolded, and second-best underlined).

this means that the information in the context and335

the answer should be supported by the biomedi-336

cal evidence given in the reference abstracts and337

contexts, respectively, without adding irrelevant or338

hallucinated claims. Following RAGAs (Es et al.,339

2024), we also used the pretrained hallucination340

detection model HHEM-2.1-Open model from Vec-341

tara6 as a non-LLM faithfulness measure.342

Altogether, we considered 18 evaluation metrics343

across 5 evaluation dimensions. After evaluating344

the LLM-generated answers using these metrics,345

we found that it is not possible to conclusively de-346

cide which LLMs and design options to use in the347

various stages of the RAG system based on the eval-348

uation scores. In other words, none of the variants349

are consistently performing well across different350

evaluation dimensions. For example, the results351

on FROSTTOLGENE in Table 3 showed no consis-352

tency on where GPT4 generates the best context.353

For the C2Q evaluation, the best context was ob-354

tained by GPT4 in the MQ+Stack setting, but for355

the C2Ab evaluation, it was the MQ+Cat setting356

that obtained the highest results. A more detailed357

discussion can be found in the Appendix §D.358

To contrast our findings with an SOTA dataset,359

we also generated answers and measured metric360

scores on the 50 human-gene and disease associ-361

ation questions from GENETURING (Shang et al.,362

2025), referred to as GTASSOCIATION. We found363

similar outcomes with this dataset as well (Ap-364

pendix Tables 16 & 17). This raises our next ques-365

6https://shorturl.at/naxUx

Eval Metric Hum-Metric Pearson’s
Dim. Agree. (%) r

All 61.45 0.300 (p=0.002)

Qr2Q AlignScore 59.04 0.164 (p=0.035)
ROUGE 52.41 -0.010 (p=0.902)
BERTScore 50.60 -0.003 (p=0.974)
CosSim. 51.20 0.002 (p=0.976)

C2Q AlignScore 56.63 0.094 (p=0.228)
Relevance 51.81 -0.008 (p=0.919)

C2Ab AlignScore 53.01 0.032 (p=0.679)
ROUGE 49.40 -0.046 (p=0.557)
BERTScore 50.60 -0.021 (p=0.790)
FactCC 61.45 0.298 (p=0.010)
Faithfulness 50.60 -0.018 (p=0.822)

A2Q AlignScore 61.64 0.301 (p=0.050)
Relevance 39.73 -0.230 (p=0.051)

A2C AlignScore 65.75 0.313 (p=0.007)
ROUGE 52.05 0.245 (p=0.704)
BERTScore 57.53 0.253 (p=0.197)
FactCC 57.53 0.245 (p=0.219)
Faithfulness 61.64 0.303 (p=0.039)

Table 4: Rates of alignment between human preference and
uniform-weighted metric-based preferences. Bold indicates
statistical significance (α = 0.05).

tion: if these metrics cannot reach consensus, how 366

can we use them to guide design decisions for the 367

QA system? 368

5.2 Metric vs. Human Preferences 369

We start from analyzing the correlation between 370

human preferences and metric-based scores on 371

FROSTTOLGENE and OZWHEATGENE datasets. 372

We converted both human judgments and metric 373

scores into binary preference labels. Formally, for 374

each question q and answer pair (Aa, Ab), a label 375

of 0 is assigned if annotators prefer Aa, and 1 if 376

they prefer Ab. Metric-based preferences are de- 377

rived analogously: 378

Pref(Aa, Ab|S) =

{
0, if S(Aa) ≥ S(Ab),

1, otherwise.
(1) 379

where S(Ai) = 1
n

∑n
j=1Mj(Ai) calculated over 380

Mj ∈ M metrics. Using these labels, we com- 381

puted the rate of cases when human annotators se- 382

lect the metric-based preferred answer. All metrics 383

were considered equally, equivalent to an uniform- 384

weighting. The resulting agreement percentages 385

and Pearson’s correlation coefficients r along with 386

the statistical significance are reported in Table 4. 387

Overall, experts agreed with the metric-based pref- 388

erences in 61.45% of the cases (Kappa κ = 0.30). 389

We also measured a moderate but significant Pear- 390

son correlation coefficient, r = 0.300, with p-value 391

= 0.002 (significant at α = 0.01). 392

Further, computing the agreement rates between 393

5
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human preferences and preferences obtained by394

individual metrics, we found that the agreement395

levels vary substantially across metrics. When mea-396

suring Pearson’s correlations between individual397

metric-based preferences and human preferences,398

most metrics do not show statistically significant399

correlations as well (Table 4). We found AlignScore400

for A2C evaluation has the highest human-metric401

preference agreement of 65.75%. Additionally,402

AlignScore for A2Q evaluation achieved 61.64%403

agreement, FactCC for C2Ab was 61.45% and404

Faithfulness for A2C evaluation achieved 61.64%405

human-metric preference agreements, with higher406

statistical significance than the other metrics.407

In light of the findings from both metric-based408

and human evaluations, we infer that not all au-409

tomatic metrics correlate uniformly with human410

preferences. In their study Miller and Tang (2025)411

showed that relying solely on all automated metrics412

without accounting for their reliability can lead to413

misaligned evaluations of desired quality criteria414

and may obscure context-sensitive errors, such as415

hallucinations and stylistic misalignment. To ad-416

dress this, next, we propose incorporating human417

preferences into metric reliability calibration by418

assigning preference-guided metric weights, ensur-419

ing human-aligned evaluation of RAG-based QA420

systems.421

6 Preference-guided Metric Weights422

Calibration423

The human–metric preference agreement rates424

computed using uniformly weighted metrics in §5.2425

can be a proxy for human preference alignments.426

The agreement rates allow us to identify which427

metrics contribute more strongly to alignment with428

human judgments. Based on this, we propose a429

preference-guided approach for calibrating metric430

reliability weights using human preferences. Our431

goal is to factor in the relative importance of differ-432

ent metrics aligned with human preferences.433

6.1 Proposed Calibration Method434

By splitting the annotation dataset into calibration-435

validation subsets, we considered human-metric436

preference agreement rates over the calibration set437

as the calibration weights for the individual metrics.438

These weights are then used to obtain a weight-439

adjusted compound metric. Finally, on the vali-440

dation set, we generated metric-based preferences441

using this compound metric and compared them442

Calib. Technique Validation Set

Random 55.42
Uniform-weighted 61.44
Calibrated (Ours) 64.30

Table 5: Level of agreements (%) between human and
metric-based preferences, computed through random-weights,
uniform-weights and calibrated weights on the validation set.

against the human preferences. Our goal was to 443

achieve better alignment with human preferences 444

than the initial human–metric agreement obtained 445

using uniformly weighted metrics on the sampled 446

validation set. 447

Formally, the agreement rates between human- 448

metric preferences over each metric are considered 449

as the calibration metric weights wj . Using these 450

weights, the adjusted aggregated scores can be de- 451

fined as Sadj(Ai) =
1
n

∑n
j=1wj ×Mj(Ai). Then 452

the preference labels Pref(Aa, Ab | Sadj) can be 453

obtained using the Eq. 1. 454

To perform this calibration, we repeated the over- 455

all process k = 100 times using a 60%–40% ran- 456

dom calibration–validation split, resulting in 116 457

calibration and 50 validation instances per sam- 458

ple. For each k, we sampled the calibration in- 459

stances and obtained the calibration preferences, 460

Cpref . Then, we computed human–metric prefer- 461

ence agreement scores for each metric and applied 462

these agreement scores as metric weights on the val- 463

idation set. Using the uniformly-weighted metrics 464

on the validation set, we obtain uniform-weighted 465

metric preferences, Vunif and using the weighted- 466

metrics we obtain the weighted-metric preferences, 467

Vadj . The final calibration metric weights for each 468

metric are obtained by averaging the rate of human- 469

metric preference agreements over k=100 calibra- 470

tion samples. 471

For each of the k samples, we also generated ran- 472

dom metric weights for the random-weights base- 473

line and tested the weights on the validation set by 474

measuring the agreement rates between the human 475

and random-weighted metric preferences. 476

6.2 Results and Discussion 477

Our experiments show that calibrating metric 478

weights using human–metric preference agreement 479

leads to a significant improvement in alignment 480

between human and metric-based preferences on 481

the validation set, with an increase in the aver- 482

age agreement rate from 61.44% with uniform 483

metric-weights to 64.30% with calibrated weights. 484
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Figure 2: Final calibrated weights for each metric.

This result is also significantly higher than the485

random-weights baseline with an agreement level486

of 55.42%, as shown in Table 5. The final cal-487

ibrated metric weights derived by averaging the488

human-metric preference agreements on the cali-489

bration set are shown in Figure 2.490

On the validation set, we assess the statistical491

significance of improvements in alignment with hu-492

man preferences. For this, we aggregate the Vunif493

and Vadj preference labels across all k samples and494

compute Pearson’s correlation with the aggregated495

human preference labels. We observe a moderate496

correlation of r = 0.315 (p = 1.6e–47) between497

human and Vadj preferences—consistent with the498

correlation observed in §5.2—compared to a lower499

correlation of r = 0.281 (p = 9.8e–38) between500

human and Vunif preferences.501

We also computed agreement rates between502

human–Vunif and human–Vadj preferences for503

each k fold. Using Wilcoxon’s signed-rank504

test (Riffenburgh, 2006), we observe a statisti-505

cally significant improvement in alignment with506

human preferences after adjustment (z = −2.865,507

p = 0.00416), significant at the α = 0.005 level.508

We further examined per-sample improvements in509

human alignment by computing the difference in510

human–metric agreement with and without met-511

ric weighting (Figure 3). The orange lines show512

AgC−V unif (human–Cpref vs. human–Vunif ), and513

the blue lines show AgV adj−V unif (human–Vadj514

vs. human–Vunif ). Although in 52% of folds515

the calibration agreement is lower than the vali-516

dation agreement (negative AgC−V unif ), applying517

weights from these folds still improves validation518

agreement in most cases (positive AgV adj−V unif ).519

For AgV adj−V unif , we observe that 77% of folds520

showing improved agreement after weight adjust-521

ment (positive AgV adj−V unif ).522

Figure 3: Difference in human–metric agreement across
100 samples (k = 1 . . . 100), between the calibra-
tion and validation set AgC−V unif (orange), and the
weight-adjusted and uniform-weighted validation set
AgV adj−V unif (blue).

Additionally, to understand which quality dimen- 523

sions the experts prioritize, we prompted a GPT4o- 524

mini model with a one-shot example to group the 525

human reasonings and assign interpretable labels 526

(referred to as criteria). The prompt is in the Ap- 527

pendix Table 18. From the resultant criteria and 528

associated human reasons, as in the Appendix Ta- 529

ble 19, we found that the answer and context rele- 530

vance (to the question) quality dimensions from our 531

experiment had an intuitive alignment with human 532

annotators’ reasons. In addition to these, human 533

experts also cared about other quality dimensions 534

such as ‘answer completeness’, ‘answer clarity and 535

fluency’ and ‘evidence and citations’. Moreover, 536

they frequently note stylistic issues, such as ‘para- 537

graph structure and organization are not useful’ 538

and ‘ does not get to answer’. These findings res- 539

onate with prior work that incorporates stylistic 540

and structural qualities (D’Souza et al., 2025), ra- 541

tionale correctness (Jacovi et al., 2024; Bavaresco 542

et al., 2025), and answer usefulness and informa- 543

tiveness (Malaviya et al., 2024) in LLM-based eval- 544

uation. Such criteria reflect qualitative aspects of 545

the answers and can be a matter of subjective judg- 546

ments, varying across expertise levels. Effectively 547

incorporating them, therefore, requires human-in- 548

the-loop evaluation strategies. Using these human- 549

identified criteria as guidance during answer gen- 550

eration may further improve the quality of LLM- 551

generated responses. 552

7 Related Work 553

Biomedical QA Datasets. A number of of gen- 554

eral and specialized datasets support biomed- 555

ical QA. MedQA (Jin et al., 2021) and 556

7



MedRedQA (Nguyen et al., 2023) target general557

medical knowledge. PubMedQA (Jin et al., 2019)558

and BIOASQ-QA (Krithara et al., 2023) focus559

on literature-grounded questions. GeneTuring560

(Shang et al., 2025) introduces gene-centric bench-561

mark questions. Multiple-choice datasets such as562

MMLU (Hendrycks et al., 2021) and LitQA2 (Skar-563

linski et al., 2024) focus on biomedical and genetics564

knowledge to generate structured answers. More565

recently, ExpertQA (Malaviya et al., 2024) curates566

questions by the domain experts from various fields567

of study.568

LLMs for Question Answering. LLMs have569

been pretrained or fine-tuned on biomedical cor-570

pora to support domain-specific QA, including571

BioMedLM (Bolton et al., 2024), BioGPT (Luo572

et al., 2022), PMC-LLAMA (Wu et al., 2024),573

BioMistral (Labrak et al., 2024), and Bi-574

oLinkBERT (Yasunaga et al., 2022). Some mod-575

els further target gene-related tasks, such as Gen-576

everse (Liu et al., 2024) for gene function un-577

derstanding and GP-GPT (Lyu et al., 2024) for578

gene–disease association mapping. In parallel,579

Retrieval-Augmented Generation (RAG) has been580

explored for biomedical QA using literature re-581

trieval (Skarlinski et al., 2024; Garg et al., 2025),582

structured internal databases (Ning et al., 2025)583

or combining databases with external tools (Wang584

et al., 2024). However, such systems rely on re-585

stricted resources, limiting public availability and586

reproducibility.587

Evaluation of QA systems. Evaluating QA sys-588

tems, particularly RAG-based models, remains589

challenging due to the lack of reliable reference590

answers. RAGAs (Es et al., 2024) proposes a591

reference-free evaluation framework judging faith-592

fulness, relevance, and groundedness. Other works593

evaluate correctness and faithfulness in instruction-594

following QA (Adlakha et al., 2024), or factual595

consistency via metrics such as AlignScore (Zha596

et al., 2023). Benchmarks such as LitQA2 (Skar-597

linski et al., 2024) and LabBench (Laurent et al.,598

2024) assess QA accuracy and biological reasoning599

skills, while ExpertQA (Malaviya et al., 2024) eval-600

uates qualitative dimensions including usefulness601

and cite-worthiness. However, guidance on metric602

selection for domain-specific QA remains limited.603

Human-preferences in LLMs. Aligning LLMs604

with human preferences is commonly achieved605

through Reinforcement Learning from Human606

Feedback (RLHF) (Bai et al., 2022; Xu et al., 2025). 607

More recently, LLMs have been used as automated 608

evaluators to judge AI-generated responses (Li 609

et al., 2025; Alhawasi and Youssef, 2024; Hijazi 610

et al., 2024; D’Souza et al., 2025). However, stud- 611

ies show that human feedback remains essential 612

for improving evaluator reliability and judgment 613

quality (Miller and Tang, 2025; Bavaresco et al., 614

2025; Jacovi et al., 2024). Consequently, several 615

approaches now integrate both human and LLM- 616

generated feedback to better align automated eval- 617

uation with human preferences (Yue et al., 2025; 618

Polo et al., 2025; Lee et al., 2024; Ye et al., 2025). 619

8 Conclusions 620

We evaluated the effectiveness of a RAG-based 621

QA system for generating long-form answers to 622

biomedical questions in plant genomics and intro- 623

duced a preference-guided calibration approach 624

for selecting and combining evaluation metrics. 625

To address the lack of non-human genetics QA 626

datasets, we collected two sets of expert-curated 627

plant genomics question datasets and conducted a 628

component-wise evaluation of our RAG pipeline, 629

GENERAG, using diverse reference-free metrics. 630

Our analysis shows substantial variability in how 631

individual metrics align with expert preferences, 632

with no single metric consistently reflecting human 633

judgment. 634

Building on these findings, we proposed a met- 635

ric calibration method that weights evaluation met- 636

rics based on human–metric preference agreement, 637

leading to improved alignment between automated 638

and human evaluations. Analysis of expert ratio- 639

nales further reveals that human judgments also 640

depend on qualitative and stylistic factors beyond 641

commonly used metrics. 642

Future work includes extending this analysis to 643

other biomedical domains, such as clinical deci- 644

sion support and rare disease analysis, to test the 645

generality of preference-guided metric calibration. 646

Another direction is learning preference-aligned 647

metric weights conditioned on question or task 648

types for more adaptive evaluation. Finally, in- 649

tegrating preference-guided metrics into training 650

objectives for RAG-based QA models—through 651

reinforcement learning or self-refinement—could 652

further improve alignment with expert human judg- 653

ments. 654
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9 Limitations655

We present a component-wise evaluation of a RAG-656

based QA system; however, given the many possi-657

ble design choices at each stage of a RAG pipeline,658

the evaluation cannot be exhaustive. Due to the659

complexity of the annotation task, we collected660

annotations for a limited number of questions, as661

experts were required to read long answer pairs and662

supporting abstracts and provide both preferences663

and justifications. Each annotation took approxi-664

mately six minutes, and while a larger annotated set665

would strengthen calibration, this was constrained666

by annotation effort.667

10 Ethics Statement668

This work has received ethics approval for human669

annotation collection survey through the institu-670

tional ethics approval process. We will provide full671

details in the accepted, camera-ready version.672
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Appendix947

A Entrez E-utils Framework948

The National Center for Biotechnology Informa-949

tion (NCBI) is a primary repository for genomic950

data, integrating diverse datasets for genomes,951

genes, proteins, and more, with analytical and re-952

trieval tools through its website (Ostell, 2012). The953

Entrez Programming Utilities (E-utilities) (Ostell,954

2012), a text-based search system, allows easy nav-955

igation across biological databases. Entrez offers956

a stable interface for querying and retrieving data957

from 38 NCBI databases, including gene records958

and biomedical literature (Tatusova, 2010). We959

make two API calls on the PMC open access sub-960

set of the articles: E-Search, to find the PubMed961

IDs (PMIDs) of the most relevant articles for a962

given query, and E-Fetch, to extract the abstracts963

associated with those PMIDs.

API/Method Parameters

NCBI API DB: PubMed, Sort: relevance
(Entrez) Min-year: 1990, Max-year: 2024

Max-articles:30, Filter: PMC open access

PaperQA2 Top evidences: 5, Evidence summary length: 50
Max answer source: 3, Answer length: 100
LLM: GPT4o-2024-08-06

Table 6: Parameter settings for NCBI API and PaperQA2

964

Prompt: Query Reformulation—SQ setting

Question: {question}

From the above question, your task is to create a search
phrase to find relevant articles. The search phrase should
contain only one or a few words. Do not include any
word that is not present in the question. Do not generate
numbers and punctuation. Convert any initials to their
full form.

Below are some examples: {samples}
However, below query term(s) didn’t return any article:
{query-error}
Your response should only contain the search phrase.
Search phrase:

Table 7: Few-shot LLM prompt to formulate single query
terms (SQ) to search articles from the NCBI API.

B GENERAG Settings965

GENERAG retrieves the top 30 articles based on966

their relevance to the query terms and provides967

them to PaperQA2 (Skarlinski et al., 2024), which968

uses a ranking technique for creating relevant ab-969

stract summaries (to use where LLM input context970

windows are limited). For MQ+Cat, we generated971

Prompt: Query Reformulation—MQ setting

Your task is to create multiple search phrases to find
relevant articles that may assist in answering a question.

1. If the question is simple and asking about one single
topic, keep the question as it is.
2. If the question is asking a relation between multiple
topics, create sub-questions that will be able to help get
the final answer.
3. Create the most important search phrases for the
questions to be able to search relevant articles.

The search phrase should contain only one or a few
words. Do not include any search term that is not present
in the question. Do not generate numbers and punctua-
tions, unless present in the question. Try to convert any
initials to their full form.
Below are some samples:

Question: {sample-q}
Reasoning: {sample-sub-questions}
Search phrases: [{sample-query-terms}]
. . .
However, the query term(s) didn’t return any article:
{query-error}
Now create n search phrases following the above method
for the following question. Your response should con-
tain the sub-question, if created, and the search phrases.

Question:{question}
Your response:

Table 8: Few-shot LLM prompt to formulate multiple query
terms (MQ) to search articles from the NCBI API.

Prompt: Answer Generation

Question: {question}

For the above question, we retrieve the following con-
text:
Context: {context}

Try to answer the question with the help of the given
context in a maximum {length} words with citation in
the format (citation key - pmid).

If the context provides insufficient information, try to
reply with as much helpful information as you can give.
Your response should only contain the answer to the
question.
Answer:

Table 9: LLM prompt for generating answers for the given
question based on the retrieved context.

3 search terms and concatenated them into a single 972

string for article search. In the case of MQ+Stack, 973

we formulated 10 search terms per question and 974

found 10 abstracts for each term. Then we stacked 975

them in a single list of abstracts to create the con- 976

text using PaperQA2. In the context produced 977

by PaperQA2, we have top-3 evidence summaries 978

in SQ and MQ+Cat settings, and top-5 evidence 979

summaries in MQ+Stack setting. We are using 980

12



PaperQA2 specifically to find answer-related pas-981

sages for the answer generation stage. PaperQA2982

breaks the retrieved abstracts into smaller chunks983

and ranks them by their perplexity with respect to984

the question. Then, the top 5 abstract chunks are985

selected to generate evidence summaries. Finally,986

the summaries are further filtered out by re-ranking987

them by an LLM-prompt. The top 3 of the evidence988

summaries by this re-ranking were then returned as989

the final context to be provided to the answer gener-990

ation stage. The parameter settings for both Entrez991

system and PaperQA2 are outlined in Table 6 in992

the appendix.993

We also provide the used LLM prompts for query994

reformulation in SQ and MQ settings in Table 7995

& 8 and answer generation in Table 9. We pro-996

vide some sample questions and answers for the997

explored datasets in Table 10.998

C Human Annotation App999

The annotation application was hosted on an inter-1000

nal server. The participants were given a document1001

describing the project, including the annotation1002

task, data collection and anonymisation procedures,1003

and ethics approval, and were asked to voluntarily1004

provide consent via email if they wished to partici-1005

pate in the study. We also provided secure logins1006

to the annotators to access the survey application.1007

We presented both answer pairs on a single screen1008

for each question. One answer in the second pair is1009

loaded based on the choice of the first answer. A1010

sample UI showing the portion of the interface is1011

illustrated in Figure 4. The reasons for not prefer-1012

ring an answer are collected as free texts. Also, we1013

employed a separate text box for the annotators to1014

provide stylistic reasons. For ease of reading, we1015

highlighted the same PubMed IDs (PMIDs) with1016

one color.1017
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Question Answer (GPT4)

FROSTTOLGENE—What proportion
of Transcriptomic studies on plants
found ICE1 Transcription factors to be
associated with cold acclimation?
[Contains both gene name and trait]

The provided context indicates that ICE1 transcription factors are associated with cold
acclimation in multiple plant studies. Specifically, Wu (2021) discusses the regulation of
cold acclimation pathways by ICE1 and ICE2 in plants (Wu 2021 - 34639192). Addition-
ally, Xu (2015) identifies ICE gene homologs in grapevines that play a crucial role in cold
acclimation, highlighting the involvement of VaICE1 as a transcription factor responding
to cold stress (Xu 2015 - 25019620). However, the exact proportion of studies reporting
this association is not specified in the context. Thus, while ICE1 transcription factors are
recognized for their role in cold acclimation, quantifying the proportion of studies is not
possible based on the given information.

OZWHEATGENE—Candidate gene
TraesCS4D03G0067100 on genome
GCF_018294505.1 has the annotation
of being a GAI-like protein 1 gene.
Are there any known associations or
links between this family of genes and
the trait height in wheat research?
Please also describe the evidence for
the association. [Contains both gene
name and connection to pre-existing
trait]

Yes, there are known associations between the GAI-like protein family and height traits
in wheat. The Reduced height-1 (Rht-B1 and Rht-D1) loci, which are orthologues of the
Arabidopsis GAI gene, encode proteins that function as nuclear transcription factors and
are implicated in the regulation of plant height by modulating the response to gibberellin,
a growth hormone (Peng 1999 - 10421366). The introduction of mutant dwarfing alleles at
these loci has led to the development of shorter wheat varieties, significantly contributing
to the green revolution’s impact on wheat yields (Peng 1999 - 10421366). Additionally,
studies of mutant GAI alleles in other crops, such as rice, demonstrate that they also
result in reduced gibberellin responses and dwarfism, suggesting that manipulating GAI-
like proteins could be a strategy to enhance yield across various species (Peng 1999 -
10421366).

GTASSOCIATION—What are genes
related to Chronic atrial and intestinal
dysrhythmia? [Contains only disease
name]

Genes related to Pseudohypoparathyroidism Ic (PHP-Ic) primarily involve mutations in the
GNAS gene, which encodes the alpha-subunit of the stimulatory G protein (GsÎ±). These
mutations lead to diminished GsÎ± expression or function, resulting in hormonal resistance
and the clinical features associated with Albright’s hereditary osteodystrophy (AHO). In
PHP-Ia/Ic, a heterozygous GNAS1 gene lesion is commonly identified, particularly in a
mutational hot-spot involving codons 189-190 (Turan 2016 - 25851935; Linglart 2002
- 11788646). The GNAS complex locus also produces other gene products with mostly
monoallelic expression, while GsÎ± is generally biallelically expressed in most tissues
(Turan 2016 - 25851935).

Table 10: Example gene-trait association questions from the three datasets. Answers are generated by GPT4.

Figure 4: An example UI from the human annotation gathering API.
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Query & Context (Prompt Setting–Query LLM)

Eval. Dim. FROSTTOLGENE OZWHEATGENE GTASSOCIATION

Qr2Q MQ+Stack-GPT4 SQ-GEMMA MQ+Cat-GPT4
C2Q MQ+Stack-Mistral MQ+Stack-GPT4 MQ+Stack-GPT4
C2Ab SQ-GEMMA MQ+Cat-Mistral MQ+Cat-GPT4

Overall SQ-GPT3.5 SQ-GPT3.5 MQ+Cat-GPT4

Answer ((Prompt Setting–Query LLM–Answer LLM)

A2Q SQ-GPT3.5-GPT4 MQ+Cat-Mistral-QWEN SQ-GPT4-QWEN
A2C MQ+Cat-Mistral-GPT4 MQ+Cat-GPT4-GPT4 SQ-GPT3.5-QWEN

Overlall MQ+Cat-Mistral-GPT4 MQCAT-GPT4-GPT4 SQ-GPT3.5-QWEN

Table 11: Best-performing LLMs for all datasets, based on
metric scores computed for multiple evaluation dimensions.

D Automatic Metric Results1018

We found that there is no single language model1019

that performs well across all stages of the RAG1020

pipeline. As shown in the results in Table 12 on1021

the FROSTTOLGENE dataset, the highest average1022

metric scores were achieved by different models1023

for different evaluation dimensions. For example,1024

for the query-to-question (Qr2Q) quality, GPT41025

generated queries in MQ+Cat had the best scores.1026

However, GPT4 in MQ+Stack setting generated the1027

best contexts aligned to the question (context-to-1028

question, C2Q) and GPT4 in MQ+Cat generated1029

the best contexts with respect to the retrieved ab-1030

stracts (context-to-abstract, C2Ab).1031

For the answer quality (Table 13), none of the1032

contexts that were generated by the better quality1033

LLMs were able to produce better answers aligned1034

to the question (answer-to-question, A2C) or con-1035

text (answer-to-context, A2C). Looking at the sum-1036

mary of the best performing LMs in different set-1037

tings from Table 11, we observe a similar trend1038

across all datasets. These results essentially in-1039

dicate that rather than depending on one LLM at1040

each stage of the pipeline, it is better to select a1041

combination of LLMs through multiple evaluation1042

dimensions for optimal outcome.1043

Furthermore, we present the detailed individual1044

metrics scores and averaged scores on each dimen-1045

sion in Table 12-13 on FROSTTOLGENE, Table 14-1046

15 on OZWHEATGENE and Table 16-17 on GTAS-1047

SOCIATION datasets. Looking at these detailed1048

scores we observe that due to different evaluation1049

metrics emphasising different quality aspects of the1050

evaluated texts, no single metric provides a com-1051

plete picture. For example, from the FactCC and1052

Faithfulness metric scores for FROSTTOLGENE1053

and OZWHEATGENE datasets in the Table 13 and1054

15, we observe that the answers generated by using1055

the contexts in the single query setting are factu-1056

ally more accurate, but less faithful than the others.1057

A combination of metrics is therefore more effec- 1058

tive, with each metric contributing differently to 1059

the assessment of LLM response quality. 1060

Through an analysis of the Pearson correla- 1061

tion coefficient r across different metric combi- 1062

nations, we observe varying levels of correlation 1063

between evaluation metrics, as illustrated in the 1064

Figure 5. Across all datasets, metrics assessing 1065

answer–context alignment (the A2C dimension) 1066

exhibit relatively higher correlation with metrics 1067

measuring context–question alignment (the C2Q 1068

dimension). In contrast, query–question evaluation 1069

metrics (Qr2Q) show consistently lower correla- 1070

tion with metrics from other evaluation dimensions. 1071

Beyond these trends, no consistent correlation pat- 1072

terns are observed across the remaining metric com- 1073

binations. This analysis indicates that there is no 1074

one-size-fits-all metric configuration for evaluat- 1075

ing RAG systems, and it is crucial to incorporate 1076

human guidance when selecting and combining 1077

evaluation metrics. 1078

E Quality Dimensions vs. human 1079

reasonings 1080

We prompt GPT4o-mini in a one-shot prompt set- 1081

ting to group similar human reasonings and label 1082

the quality aspects considered in the reasons. Ta- 1083

ble 18 shows the used prompt for this purpose. The 1084

resultant categories and the human reasonings in 1085

the groups are presented in Table 19. 1086
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Prompt Query Query to Ques. (Qr2Q) Context to Ques. (C2Q) Context to Abstracts (C2Ab)

Setting LLM ROUGE-1 BERTSc. CosSim. AlignSc. Query Avg. AlignSc. Relev. Avg. ROUGE-1 BERTSc. AlignSc. FactCC Faith. Avg. Context Avg. Overall Avg.

SQ GPT3.5 0.072 0.877 0.817 0.659 0.606 0.202 0.106 0.154 0.070 0.772 0.461 0.879 0.142 0.465 0.376 0.460
GPT4 0.062 0.877 0.782 0.663 0.596 0.227 0.123 0.175 0.063 0.788 0.487 0.880 0.210 0.486 0.397 0.469
GEMMA 0.068 0.869 0.824 0.623 0.596 0.217 0.149 0.183 0.065 0.781 0.460 0.883 0.165 0.471 0.389 0.464
Mistral 0.089 0.870 0.758 0.549 0.567 0.229 0.210 0.220 0.047 0.806 0.470 0.839 0.241 0.481 0.406 0.464

MQ+Cat GPT4 0.029 0.884 0.843 0.670 0.607 0.228 0.300 0.264 0.043 0.826 0.455 0.935 0.347 0.521 0.448 0.505
Mistral 0.041 0.870 0.781 0.564 0.564 0.206 0.329 0.268 0.048 0.848 0.460 0.906 0.324 0.517 0.446 0.489

MQ+Stack GPT4 0.047 0.855 0.777 0.636 0.579 0.431 0.195 0.313 0.068 0.811 0.541 0.930 0.204 0.511 0.454 0.499
Mistral 0.046 0.855 0.777 0.635 0.578 0.430 0.194 0.312 0.067 0.811 0.540 0.931 0.207 0.511 0.454 0.500

Table 12: Metric scores for FROSTTOLGENE query and context evaluation. Queries are formulated by LLMs in three settings,
and contexts are produced by PaperQA2. Best scores are bolded, and second-best scores are underlined.

Prompt Query Answer Ans. to Ques. (A2Q) Ans. to Context (A2C)

Setting LLM LLM AlignSc. Relev. Avg. AlignSc. ROUGE-1 BERTSc. FactCC Faith. Avg. Avg.

SQ GPT3.5 GPT4 0.710 0.875 0.793 0.676 0.013 0.818 0.345 0.187 0.408 0.518
GPT4 GPT4 0.719 0.859 0.789 0.695 0.018 0.822 0.254 0.283 0.414 0.521
GEMMA GPT4 0.715 0.832 0.774 0.691 0.016 0.821 0.332 0.249 0.422 0.522
Mistral GPT4 0.743 0.840 0.792 0.690 0.022 0.831 0.208 0.206 0.391 0.506

GPT3.5 QWEN 0.758 0.867 0.813 0.754 0.012 0.805 0.736 0.179 0.497 0.587
GPT4 QWEN 0.753 0.893 0.823 0.730 0.017 0.813 0.684 0.175 0.484 0.581
GEMMA QWEN 0.760 0.847 0.804 0.710 0.013 0.814 0.629 0.226 0.478 0.571
Mistral QWEN 0.768 0.854 0.811 0.696 0.029 0.824 0.572 0.244 0.473 0.570

MQ+Cat GPT4 GPT4 0.777 0.798 0.788 0.718 0.042 0.862 0.091 0.249 0.392 0.505
Mistral GPT4 0.756 0.858 0.807 0.688 0.043 0.858 0.265 0.252 0.421 0.531

GPT4 QWEN 0.716 0.841 0.779 0.659 0.042 0.854 0.060 0.379 0.399 0.507
Mistral QWEN 0.717 0.852 0.785 0.653 0.042 0.851 0.311 0.307 0.433 0.533

MQ+Stack GPT4 GPT4 0.792 0.816 0.804 0.746 0.038 0.848 0.088 0.273 0.399 0.514
Mistral GPT4 0.792 0.831 0.812 0.746 0.038 0.848 0.088 0.273 0.399 0.517

GPT4 QWEN 0.675 0.821 0.748 0.719 0.038 0.842 0.110 0.403 0.423 0.515
Mistral QWEN 0.675 0.810 0.743 0.719 0.038 0.842 0.108 0.402 0.422 0.513

Table 13: FROSTTOLGENE metric scores evaluating the answer quality. Answers are generated by GPT4 and QWEN.

Prompt Query Query to Ques. (Qr2Q) Context to Ques. (C2Q) Context to Abstracts (C2Ab)

Setting LLM ROUGE-1 BERTSc. CosSim. AlignSc. Query Avg. AlignSc. Relev. Avg. ROUGE-1 BERTSc. AlignSc. FactCC Faith. Avg. Context Avg. Overall Avg.

SQ GPT3.5 0.049 0.853 0.761 0.544 0.552 0.273 0.028 0.151 0.075 0.753 0.578 0.989 0.054 0.650 0.393 0.523
GPT4 0.046 0.839 0.696 0.483 0.516 0.280 0.085 0.183 0.032 0.760 0.584 0.912 0.083 0.634 0.391 0.509
GEMMA 0.046 0.839 0.696 0.483 0.516 0.280 0.112 0.196 0.032 0.760 0.584 0.995 0.083 0.651 0.407 0.519
Mistral 0.046 0.851 0.703 0.543 0.536 0.289 0.070 0.180 0.093 0.765 0.572 0.898 0.096 0.625 0.398 0.511

MQ+Cat GPT4 0.036 0.858 0.806 0.605 0.576 0.424 0.372 0.398 0.045 0.828 0.494 0.304 0.317 0.398 0.398 0.463
Mistral 0.027 0.852 0.732 0.575 0.547 0.414 0.402 0.408 0.084 0.830 0.514 0.419 0.226 0.415 0.413 0.461

MQ+Stack GPT4 0.040 0.861 0.801 0.657 0.590 0.488 0.270 0.379 0.043 0.813 0.493 0.205 0.204 0.352 0.359 0.443
Mistral 0.036 0.840 0.716 0.647 0.560 0.560 0.296 0.428 0.042 0.810 0.528 0.254 0.163 0.359 0.379 0.445

Table 14: Metric scores for OZWHEATGENE query and context evaluation. Queries are formulated by multiple LLM settings
and contexts are produced by PaperQA (GPT4)

Prompt Query Answer Ans. to Ques. (A2Q) Ans. to Context (A2C)

Setting LLM LLM AlignSc. Relev. Avg. AlignSc. ROUGE-1 BERTSc. FactCC Faith. Avg. Avg.

SQ GPT3.5 GPT4 0.678 0.835 0.757 0.655 0.006 0.796 0.651 0.080 0.438 0.529
GPT4 GPT4 0.688 0.798 0.743 0.671 0.006 0.797 0.633 0.091 0.440 0.526
GEMMA GPT4 0.688 0.801 0.745 0.671 0.006 0.797 0.633 0.091 0.440 0.527
Mistral GPT4 0.666 0.783 0.725 0.667 0.009 0.797 0.416 0.035 0.385 0.482

GPT3.5 QWEN 0.687 0.816 0.752 0.593 0.004 0.788 0.592 0.089 0.413 0.510
GPT4 QWEN 0.654 0.818 0.736 0.601 0.005 0.792 0.656 0.072 0.425 0.514
GEMMA QWEN 0.654 0.820 0.737 0.601 0.005 0.792 0.655 0.072 0.425 0.514
Mistral QWEN 0.659 0.813 0.736 0.576 0.008 0.792 0.562 0.052 0.398 0.495

MQ+Cat GPT4 GPT4 0.620 0.788 0.704 0.765 0.043 0.874 0.458 0.396 0.507 0.563
Mistral GPT4 0.619 0.796 0.708 0.753 0.040 0.870 0.509 0.396 0.514 0.569

GPT4 QWEN 0.649 0.724 0.687 0.651 0.050 0.841 0.294 0.464 0.460 0.525
Mistral QWEN 0.592 0.722 0.657 0.680 0.036 0.849 0.512 0.483 0.512 0.553

MQ+Stack GPT4 GPT4 0.687 0.811 0.749 0.787 0.039 0.868 0.231 0.609 0.507 0.576
Mistral GPT4 0.615 0.789 0.702 0.759 0.040 0.863 0.372 0.480 0.503 0.560

GPT4 QWEN 0.621 0.734 0.678 0.686 0.038 0.845 0.107 0.489 0.433 0.503
Mistral QWEN 0.617 0.811 0.714 0.683 0.042 0.845 0.114 0.483 0.433 0.514

Table 15: OZWHEATGENE metric scores evaluating the answer quality. Answers are generated by GPT4 and QWEN.
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Prompt Query Query to Ques. (Qr2Q) Context to Ques. (C2Q) Context to Abstracts (C2Ab)

Setting LLM ROUGE-1 BERTSc. CosSim. AlignSc. Query Avg. AlignSc. Relev. Avg. ROUGE-1 BERTSc. AlignSc. FactCC Faith. Avg. Context Avg. Overall Avg.

SQ GPT3.5 0.052 0.895 0.861 0.662 0.618 0.362 0.445 0.404 0.045 0.806 0.465 0.919 0.114 0.470 0.451 0.511
GPT4 0.049 0.898 0.877 0.667 0.623 0.332 0.455 0.394 0.039 0.808 0.454 0.925 0.132 0.472 0.450 0.512
GEMMA 0.056 0.900 0.892 0.683 0.633 0.343 0.461 0.402 0.040 0.802 0.462 0.924 0.110 0.468 0.449 0.516
Mistral 0.053 0.881 0.750 0.518 0.551 0.271 0.390 0.331 0.045 0.841 0.538 0.914 0.396 0.547 0.485 0.509

MQ+Cat GPT4 0.056 0.878 0.862 0.637 0.608 0.324 0.474 0.399 0.061 0.830 0.506 0.933 0.368 0.540 0.449 0.539
Mistral 0.058 0.876 0.849 0.572 0.589 0.299 0.362 0.331 0.062 0.835 0.511 0.924 0.410 0.548 0.486 0.523

MQ+Stack GPT4 0.054 0.851 0.762 0.531 0.550 0.450 0.379 0.415 0.042 0.814 0.536 0.289 0.177 0.372 0.384 0.444
Mistral 0.057 0.858 0.789 0.554 0.565 0.437 0.327 0.382 0.047 0.811 0.526 0.311 0.189 0.377 0.378 0.446

Table 16: Metric scores for GTASSOCIATION query and context evaluation. Queries are formulated by LLMs in three settings,
and contexts are produced by PaperQA2. Best scores are bolded, and second-best scores are underlined.

Prompt Query Answer Ans. to Ques. (A2Q) Ans. to Context (A2C)

Setting LLM LLM AlignSc. Relev. Avg. AlignSc. ROUGE-1 BERTSc. FactCC Faith. Avg. Answer Avg.

SQ GPT3.5 GPT4 0.570 0.765 0.668 0.778 0.039 0.803 0.755 0.879 0.650 0.656
GPT4 GPT4 0.572 0.777 0.675 0.766 0.037 0.889 0.536 0.882 0.622 0.637
GEMMA GPT4 0.545 0.763 0.654 0.749 0.039 0.805 0.677 0.815 0.617 0.628
Mistral GPT4 0.563 0.759 0.661 0.673 0.042 0.882 0.598 0.577 0.554 0.585

GPT3.5 QWEN 0.588 0.763 0.676 0.674 0.039 0.891 0.602 0.681 0.577 0.605
GPT4 QWEN 0.597 0.789 0.693 0.641 0.041 0.890 0.515 0.737 0.565 0.601
GEMMA QWEN 0.582 0.797 0.690 0.666 0.038 0.894 0.577 0.684 0.572 0.605
Mistral QWEN 0.601 0.747 0.674 0.605 0.040 0.869 0.537 0.513 0.513 0.559

MQ+Cat GPT4 GPT4 0.531 0.786 0.659 0.747 0.037 0.902 0.816 0.813 0.663 0.662
Mistral GPT4 0.540 0.775 0.658 0.720 0.037 0.894 0.589 0.769 0.602 0.618

GPT4 QWEN 0.596 0.780 0.688 0.657 0.040 0.889 0.663 0.657 0.581 0.612
Mistral QWEN 0.589 0.808 0.699 0.652 0.040 0.883 0.577 0.685 0.567 0.605

MQ+Stack GPT4 GPT4 0.523 0.781 0.652 0.710 0.039 0.881 0.511 0.851 0.598 0.614
Mistral GPT4 0.537 0.793 0.665 0.666 0.037 0.874 0.567 0.783 0.585 0.608

GPT4 QWEN 0.587 0.788 0.688 0.629 0.038 0.866 0.425 0.654 0.522 0.570
Mistral QWEN 0.582 0.792 0.687 0.628 0.036 0.861 0.468 0.665 0.532 0.576

Table 17: GTASSOCIATION metric scores evaluating the answer quality. Answers are generated by GPT4 and QWEN.

(a) (b) (c)

Figure 5: Pearson’s correlation coefficients (r) between the evaluation metrics for a) FROSTTOLGENE b) OZWHEAT-
GENE and c) GTASSOCIATION datasets.
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Prompt: Grouping of the human reasonings

human reasonings: {reasons}

Given the above list of reasons for not prefering some
LLM-generated answers, try to group them into reason-
ing categories.

Give a short category name for each category.

Return the output in a JSON firmat, where "criteria"
is the "<category label>" and "reasons" is the list of
reasons fall into the category.
For example, "criteria": "answer relevance", "reasons":
[’The answer is not as relevant as it also does not provide
specific information regarding the proportion of studies
linking Ethylene-responsive transcription factors with
cold acclimation.’, ’The answer does not provide any rel-
evant supporting evidence that links ethylene-responsive
transcription factors to cold acclimation, making it less
relevant.’]
Your response:

Table 18: One-shot LLM prompt to group the human reason-
ings for not preferring an answer and create quality dimension.
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Criteria human reasonings

Answer relevance ‘The answer is neither sufficiently relevant nor complete.’, ‘The answer is
not as relevant; paragraph structure and organization are not as useful.’,
‘the answer is not as relevant; no supporting evidence.’, ‘the answer is
not as relevant; the logic of the paragraph does not sound.’, ‘the answer
is not relevant to the question.’, ‘The answer is not as relevant and does
not provide inline citations.’, ‘the answer is not relevant to the question.’,
‘The answer does not properly address the question raised.’, ‘Answer #2
deviated from the question asked.’, ‘Answer #1 provided answers not
related to the question asked.’, ‘Answer is irrelevant to the question.’,
‘Details provided could be misleading to a novice.’, ‘The answer is not
relevant to the question.’, ‘The answer is not relevant to the question.’,
‘Answer #2 listed studies/research methods irrelevant to the question.’

Answer completeness ‘The answer is not complete; paragraph structure and organization are
not useful.’, ‘the answer is very similar to the selected answer but has
less information.’, ‘the answer is very similar to the selected answer but
not as concise.’, ‘the answer is not as detailed.’, ‘the answer has less
information.’, ‘the answer is not as relevant; the paragraph structure is not
helpful.’, ‘the answer is not as relevant, no description of gene function.’,
‘the answer is not as relevant; does not get to answer.’, ‘not as relevant;
does not get to answer, no description of gene function.’, ‘not as relevant;
did not define function of gene.’

Answer clarity and fluency ‘The phrasing in the answer #1 is not as fluent.’, ‘The paragraph structure
is not helpful for directly answering the question.’, ‘Answer #2 is typically
not so user-friendly with the repetitive phrasing of the question.’, ‘Answer
#2 did not properly address the two parts of the question.’, ‘Answer #1 did
not fully address the question.’

Evidence and citations ‘no supporting evidence.’, ‘The answer does not provide inline citations.’,
‘contains irrelevant citations.’, ‘incorrect claim or evidence, not as rele-
vant.’

Similarity to other answers ‘the answer is very similar to the selected answer.’, ‘the answer is the
same to the selected answer.’, ‘Answer #1 is very similar to answer #2.’,
‘Answer #2 is very similar to the selected answer.’, ‘both answers are very
similar, and both tackled the question well.’

Context relevance ‘context has low relevance.’, ‘The last paragraph of Answer #2 veered off
the question.’, ‘although suggesting other genes linked to frost tolerance
could be useful in some cases, it is best to stick to the question asked.’

Table 19: LLM generated quality dimensions from the human reasonings.
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