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Abstract1

While language model (LM) benchmarking2

frameworks such as MedHELM enable holistic3

evaluation across medical tasks, their leader-4

boards often rely on a fixed prompt per bench-5

mark, without invoking step-by-step reasoning.6

Furthermore, it is known that fixed prompts7

may not generalize well across LMs, potentially8

yielding unrepresentative estimates. Unless we9

estimate each LM’s performance ceiling, we risk10

underestimating performance. Prompting frame-11

works, such as DSPy, offer a scalable alterna-12

tive to prompt engineering for alleviating this13

challenge. We present a framework that inte-14

grates DSPy with MedHELM, introducing struc-15

tured prompting that elicits reasoning. Using16

four prompting methods, we evaluate four LMs17

across four benchmarks against MedHELM’s18

leaderboard. We find that structured prompting:19

(i) outperforms the MedHELM baseline (+3.2%20

absolute across-benchmark average), (ii) reduces21

variance associated with prompt design (−2.9%22

absolute across-benchmark standard deviation),23

(iii) alters performance gaps (flips LM rankings24

on one benchmark), and (iv) demonstrates that25

LMs with chain-of-thought are relatively insensi-26

tive to prompt design. We conclude that scalable27

and automated performance ceiling estimation28

enables more robust medical benchmarks.29

Data and Code Availability30

1. DSPy Integration for HELM:31

github.com/stanford-crfm/helm/pull/389332

2. Prompt Optimization for HELM Benchmarks:33

github.com/StanfordMIMI/dspy-helm34

3. We evaluate four open-source datasets: MedCalc-35

Bench (Khandekar et al., 2024), Medec (Abacha36

et al., 2024), HeadQA (Vilares and Gómez-37

Rodríguez, 2019), MedBullets (Medbullets, 2025).38

Institutional Review Board (IRB) This re-39

search did not require IRB approval.40

Figure 1: Pipeline describing (a) DSPy-based struc-
tured prompting methods, and (b) perfor-
mance analysis of baseline prompt vs struc-
tured prompt across models on MedHELM.

1. Introduction 41

Language models (LMs) have rapidly advanced 42

in text generation, spurring deployment for med- 43

ical decision support, documentation, and educa- 44

tion (Thirunavukarasu et al., 2023; Van Veen et al., 45

2024; Seo et al., 2024). Yet, integrating LMs into med- 46

ical workflows remains challenging. LMs frequently 47

commit errors (Aali et al., 2025) (only 39% of GPT-4 48

diagnoses match final diagnoses; up to 18% of Med- 49

PaLM responses are incorrect (Wang et al., 2024; 50

Sivarajkumar et al., 2024)). Such concerns are com- 51

pounded by LMs’ sensitivity to prompt design (Razavi 52

et al., 2025), introducing variability in performance. 53

While medical benchmarking frameworks like Med- 54

HELM (Bedi et al., 2025) enable holistic evaluation 55

via a comprehensive clinician-validated suite covering 56

diverse tasks, public leaderboards typically evaluate 57

multiple LMs under a single, fixed prompt per bench- 58
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mark. However, fixed prompts rarely generalize well59

across LMs, leading to underestimated scores. Hence,60

broader LM adoption necessitates scalable estimation61

of performance ceilings, such that evaluation of LMs62

is more robust and useful for deployment decisions.63

Prompt engineering has emerged as a practical al-64

ternative to fine-tuning. Well-designed prompts have65

been shown to improve performance, as demonstrated66

by run-time strategies like Medprompt (Nori et al.,67

2024) and OpenMedLM (Maharjan et al., 2024). How-68

ever, these methods rely on hand-engineered prompts,69

demanding domain expertise and iterative experimen-70

tation, making them impractical (Wang et al., 2025).71

Consequently, researchers have explored automatic72

prompt optimization (Bogireddy et al., 2025) by us-73

ing LMs to propose and refine candidate prompts.74

Methods like PromptAgent (Wang et al., 2023),75

OPRO (Yang et al., 2023), and DRPO (Singla et al.,76

2024) can surpass human-engineered prompts on gen-77

eral tasks. Within this space, DSPy (Khattab et al.,78

2023) is a declarative programming framework that79

compiles LM programs into modules and uses prompt80

optimization techniques like MIPROv2 (Opsahl-Ong81

et al., 2024) to turn high-level specifications into ef-82

fective instructions and few-shot examples. However,83

these methods have not been systematically evaluated84

in various medical applications, and there is limited85

guidance on how prompt search compares with fixed86

prompt baselines on medical benchmarks.87

To address this gap, we integrate DSPy with Med-88

HELM (Figure 1) and present:89

1. A reproducible framework that introduces struc-90

tured prompting methods within MedHELM that91

elicit reasoning, enabling more robust evaluation92

of LMs across medical tasks.93

2. An evaluation of prompting methods (Zero-94

Shot, Bootstrap Few-Shot with Random Search,95

MIPROv2) against MedHELM’s baseline across96

four LMs and four benchmarks.97

3. Empirical evidence showing that reasoning-98

enhanced structured prompting: (i) outperforms99

the MedHELM baseline (+3.2% absolute across-100

benchmark average), (ii) reduces variance associ-101

ated with prompt design (−2.9% absolute across-102

benchmark standard deviation), (iii) alters per-103

formance gaps (flips LM rankings on one bench-104

mark), and (iv) demonstrates that LMs with105

chain-of-thought (CoT) are relatively insensitive106

to prompt design.107

2. Methodology 108

Formally, let Φ denote a LM program with m modules. 109

Each module i has a prompt template pi containing a 110

set of variables (open slots) for the instruction and K 111

demonstration examples. Let V be the set of all such 112

prompt variables across Φ, and let V → S denote 113

an assignment of each variable v ∈ V to a concrete 114

string s ∈ S. We write ΦV→S to denote running 115

program Φ under a particular prompt assignment. 116

Given a dataset D = (x, x′) of inputs x with ground- 117

truth x′ and an evaluation metric µ that compares the 118

program’s output Φ(x) against x′, the optimization 119

maximizes µ over all instructions and demonstrations: 120

Φ∗ = argmax
V→S

1

|D|
∑

(x,x′)∈D

µ
(
ΦV→S(x), x

′
)
. (1)

2.1. Baseline Prompting 121

1. MedHELM Baseline. MedHELM leaderboard 122

reports performance using fixed, zero-shot prompting 123

(no CoT), which we use as a baseline for comparing 124

against structured prompting methods. 125

2. Zero-Shot Predict. DSPy’s Zero-Shot Predict 126

configuration is an unoptimized non-adaptive baseline, 127

which we instantiate with the dspy.Predict module. 128

Each module’s instruction prompt is fixed (taken from 129

MedHELM) with no demonstrations (i.e. K = 0). 130

2.2. Structured Prompting 131

1. Zero-Shot CoT. DSPy’s Zero-Shot CoT uti- 132

lizes the same prompting structure as Zero-Shot Pre- 133

dict, but instead instantiates dspy.ChainOfThought 134

to elicit step-by-step rationales. 135

2. BFRS. Bootstrap Few-Shot with Random 136

Search (BFRS) leverages the idea of bootstrapping 137

and random sampling to select the best few shots 138

(fixed instructions): (i) Bootstrapping demonstrations: 139

the LM program Φ is run on a subset of training in- 140

puts to gather traces. Whenever the output of Φ(x) 141

for an example x achieves a sufficiently high score µ, 142

the input-output pair is picked. (ii) Random few-shot 143

search: Given candidate demonstration pools, BFRS 144

samples sets of K demonstrations per module, inserts 145

them into the prompts, and evaluates the program on 146

a validation split. After trying N combinations, the 147

program with the highest score is returned. 148

3. MIPROv2. MIPROv2 is an optimizer that 149

jointly selects instructions and K few shots via: (i) 150

2
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Benchmark Input → Output Task Samples

MedCalc-Bench Note → Value Reasoning 1,000
Medec Narrative → Errors Classification 597
HeadQA Question → Answer USMLE QA 1,000
MedBullets Question → Answer USMLE QA 308

Table 1: Benchmarks from MedHELM evaluated in
our study, spanning diverse tasks.

bootstrapping demos, (ii) grounded instruction pro-151

posals from a LM, and (iii) Bayesian search over152

instruction-demo pairs. Treating each configuration153

v as a hyperparameter, it learns p(y | v) from trial154

outcomes and steers toward high-score regions. Can-155

didates are scored on mini-batches of size B, with156

periodic full-dataset D evaluations of top contenders;157

the best full-data configuration is returned.158

2.3. Benchmarks159

We choose four benchmarks from MedHELM (Table 1)160

based on (i) public availability, and (ii) task diversity161

(reasoning, error detection, knowledge QA):162

MedCalc-Bench. MedCalc-Bench (Khandekar163

et al., 2024) is a medical calculation benchmark, where164

the input is a patient note and a question asking for165

a numerical value. The evaluation metric µ is exact166

match for the risk, severity, and diagnosis categories,167

and a within-range correctness check for others.168

Medec. Medec (Abacha et al., 2024) is an error169

detection and correction benchmark, where each input170

contains a narrative that may contain errors, and the171

task is to identify/correct these errors. The evalua-172

tion metric µ involves checking how accurately LMs173

identify whether a note contains an error (binary).174

HeadQA. HeadQA (Vilares and Gómez-175

Rodríguez, 2019) is a collection of biomedical multiple-176

choice questions for testing medical knowledge, where177

questions cover medical knowledge and resemble med-178

ical board exams. The performance metric µ is exact179

match between the prediction and the correct option.180

MedBullets. MedBullets (Medbullets, 2025) is a181

benchmark of USMLE-style medical questions with182

multiple-choice answers. MedBullets covers broad top-183

ics and is designed to reflect the difficulty of medical184

licensing exams. Like HeadQA, the primary metric µ185

is exact match accuracy on the correct answer.186

Figure 2: Heat map showing ∆ of each prompt-
ing method over MedHELM’s baseline
(light=small, dark=large).

3. Results 187

We discuss the impact of structured prompting on the 188

MedHELM leaderboard (Figure 2 and Table 3). 189

Improved performance over MedHELM base- 190

line. Across LMs and benchmarks, reasoning- 191

enhanced structured prompting methods consistently 192

improve over the MedHELM baseline (Table 3). On 193

average, LMs gain +3.2% in absolute accuracy. Non- 194

reasoning LMs benefit most, while the reasoning- 195

optimized o3 Mini sees smaller gains (marginal in- 196

crease from 68.3% → 69.1%). 197

Flipped leaderboard rankings. Taking ceiling 198

performance into account alters leaderboard rank- 199

ings. On MedCalc-Bench, the ranking flips: baseline 200

o3 Mini > Claude 3.7 Sonnet (34.0% vs. 21.0%) be- 201

comes Claude 3.7 Sonnet > o3 Mini under structured 202

prompting (35.3% vs. 34.7%), suggesting that prompt- 203

ing can act as a confounder for leaderboards. 204

Altered inter-model performance gaps. When 205

evaluated at ceiling performance (best score across 206

prompting methods), models can either narrow or 207

widen their relative performance gaps, providing a 208

more accurate view of true capability differences. Av- 209

eraging across benchmarks, the gap between the top 210

two models (o3 Mini and Claude 3.7 Sonnet) shrinks 211
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Benchmark Prompting DSPy Module
Claude 3.7

Sonnet
Gemini 2.0

Flash
GPT
4o

o3
Mini

Average

MedHELM Baseline None 60.0% 56.6% 59.6% 68.3%

Zero-Shot Predict 58.2% 57.4% 57.7% 68.5%

Zero-Shot ChainOfThought 65.3% 61.5% 62.2% 68.5%
BFRS ChainOfThought 64.5% 60.7% 62.6% 69.1%
MIPROv2 ChainOfThought 65.5% 61.4% 62.8% 68.4%

Std Dev σ

MedHELM Baseline None 29.0% 30.0% 30.3% 24.4%

Zero-Shot Predict 28.3% 29.8% 30.4% 25.2%

Zero-Shot ChainOfThought 23.7% 26.5% 27.0% 24.5%
BFRS ChainOfThought 24.1% 26.7% 27.0% 24.5%
MIPROv2 ChainOfThought 24.0% 26.8% 27.2% 24.4%

Table 2: Benchmark (accuracy) of four language models and five prompting methods, averaged across four
MedHELM benchmarks. Green marks the "ceiling" performance for a model.

from 8.3% at baseline (68.3 vs. 60.0) to 3.6% (69.1 vs.212

65.5) when evaluated at ceiling.213

Reduced across-benchmark variance. Struc-214

tured prompting methods reduce dispersion. Across-215

benchmark σ drops for Claude 3.7 Sonnet (29.0%216

→ 23.7%), Gemini 2.0 Flash (30.0% → 26.5%), and217

GPT 4o (30.3% → 27.0%), while o3 Mini is unchanged218

(24.4%), indicating lower sensitivity.219

Benchmark-dependent sensitivity. Perfor-220

mance gains vary substantially across benchmarks.221

Tasks requiring computational reasoning, such as222

MedCalc-Bench and MedBullets, show the largest223

gains. In contrast, HeadQA and Medec exhibit smaller224

improvements. HeadQA appears bottlenecked by ceil-225

ing effects from high baselines, while Medec likely226

reflects knowledge saturation.227

Performance gains primarily attributed to228

CoT. For each model–benchmark pair, we identify a229

ceiling (best performance across prompting methods)230

to measure how far MedHELM’s baseline is from the231

maximum achievable via prompt-only changes. Mov-232

ing from MedHELM’s baseline to Zero-Shot Predict233

yields minimal improvement. In contrast, introduc-234

ing CoT reasoning results in substantial gains for235

Zero-Shot CoT. Interestingly, moving from Zero-Shot236

CoT to more sophisticated optimizers such as BFRS237

and MIPROv2 adds only marginal improvement, in-238

dicating that once CoT reasoning is introduced, LMs239

become relatively insensitive to further optimization.240

Why CoT reasoning reduces sensitivity to 241

prompt design? We demonstrate that reasoning 242

models such as o3 Mini, or non-reasoning models 243

with prompt-induced reasoning (CoT), are relatively 244

insensitive to prompt design. Now, we provide math- 245

ematical insight into this phenomenon. With CoT, 246

the model marginalizes over many reasoning paths; 247

prompt optimization mostly reweights which paths 248

are sampled. A model with parameters θ reads an in- 249

put x (a benchmark item) under a prompt p, samples 250

a reasoning path τ (a chain or tree-of-thought), and 251

produces a final answer y. CoT/ToT factorizes the 252

joint as Pθ(τ, y | x, p) = Pθ(τ | x, p)Pθ(y | x, τ, p) and 253

predicts by marginalizing over paths (self-consistency) 254

Pθ(y | x, p) =
∑

τ Pθ(τ | x, p)Pθ(y | x, τ, p). Be- 255

cause the second is a marginalization of the first, 256

the change in the answer distribution between two 257

prompts p and p′ is upper-bounded by the change 258

in the path distribution
∥∥Pθ(y | x, p) − Pθ(y | 259

x, p′)
∥∥
TV

≤
∥∥Pθ(τ | x, p) − Pθ(τ | x, p′)

∥∥
TV

≤ 260√
1
2 DKL

(
Pθ(τ | x, p) ∥Pθ(τ | x, p′)

)
where ∥ · ∥TV is 261

total-variation distance and KL(·∥·) is Kullback– 262

Leibler divergence (Pinsker + data processing). We 263

define the decision margin at item x under prompt p as 264

m(x; p) = Pθ(y
⋆ | x, p)−maxy ̸=y⋆ Pθ(y | x, p), y⋆ = 265

argmaxy Pθ(y | x, p). If the left-hand side of the pre- 266

vious bound is < 1
2 m(x; p), then the prediction is 267

invariant: argmaxy Pθ(y | x, p′) = argmaxy Pθ(y | 268

x, p). Since CoT enlarges m(x; p) by averaging di- 269
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Benchmark Prompting DSPy Module
Claude 3.7

Sonnet
Gemini 2.0

Flash
GPT
4o

o3
Mini

MedCalc
Bench

MedHELM Baseline None 21.0% 15.8% 18.8% 34.0%

Zero-Shot Predict 20.6% 17.0% 15.7% 33.4%

Zero-Shot ChainOfThought 35.3% ↑ 26.3% 26.6% 34.2%
BFRS ChainOfThought 34.1% 25.2% 27.0% 34.7% ↓
MIPROv2 ChainOfThought 34.7% 25.4% 26.8% 34.3%

Medec

MedHELM Baseline None 62.8% 59.6% 58.0% 68.7%

Zero-Shot Predict 58.3% 59.3% 57.3% 68.3%

Zero-Shot ChainOfThought 61.8% 59.5% 59.5% 68.2%
BFRS ChainOfThought 60.5% 59.1% 59.5% 69.2%
MIPROv2 ChainOfThought 62.5% 60.8% 59.8% 68.3%

HeadQA

MedHELM Baseline None 91.2% 88.0% 90.6% 89.3%

Zero-Shot Predict 88.7% 88.5% 86.4% 90.9%

Zero-Shot ChainOfThought 92.2% 89.3% 90.7% 90.0%
BFRS ChainOfThought 92.0% 88.9% 91.1% 90.1%
MIPROv2 ChainOfThought 92.2% 89.5% 91.1% 89.5%

MedBullets

MedHELM Baseline None 64.9% 63.0% 71.1% 81.2%

Zero-Shot Predict 65.3% 64.9% 71.4% 81.5%

Zero-Shot ChainOfThought 71.8% 70.8% 72.1% 81.5%
BFRS ChainOfThought 71.4% 69.5% 72.7% 82.5%
MIPROv2 ChainOfThought 72.7% 69.8% 73.4% 81.5%

Table 3: Benchmark (accuracy) of four language models across five prompting methods and four MedHELM
benchmarks. Green marks the "ceiling" performance for a model. ↑ and ↓ indicate a one-step
increase or decrease in leaderboard rank, respectively.

verse valid paths, typical prompt optimization, which270

mainly reweights Pθ(τ | x, p), cannot flip decisions271

except on near-tied items, making reasoning models272

largely prompt-insensitive. If KL
(
Pθ(τ | x, p) ∥Pθ(τ |273

x, p′)
)
≤ κ and m(x; p) ≥ 2ε, then predictions are274

invariant under p→p′ whenever
√
κ/2 < ε.275

4. Conclusion276

By integrating DSPy with MedHELM, we introduce277

reasoning-enhanced structured prompting and empir-278

ically estimate LM performance ceilings, obtaining279

more representative estimates of performance. Across280

four benchmarks and four LMs, structured prompt-281

ing: (i) outperforms the MedHELM baseline (+3.2%282

absolute across-benchmark average), (ii) reduces vari- 283

ance associated with prompt design (−2.9% absolute 284

across-benchmark standard deviation), (iii) alters per- 285

formance gaps (flips LM rankings on one benchmark), 286

and (iv) demonstrates that LMs with CoT are rel- 287

atively insensitive to prompt design. Sensitivity is 288

heterogeneous: reasoning LMs show marginal gains, 289

whereas some benchmarks for non-reasoning LMs ben- 290

efit more. Gains are largely agnostic to the structured 291

prompting method; the substantive effect is moving 292

from baseline to any CoT variant, with much of the 293

lift attributable to eliciting step-by-step reasoning. 294

Together, scalable and automated performance ceil- 295

ing estimation enables more robust, decision-useful 296

medical benchmarks. 297
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Figure 3: Algorithms for (i) Bootstrap Few-Shot with Random Search (BFRS) and (ii) MIPROv2.
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Figure 4: Language models evaluated in our study.
The endpoint names and release dates
match MedHELM’s setup for comparability.
All experiments were run in August 2025.

Appendix A. Experimental Setup416

Implementation details. We evaluate four LMs417

summarized in Table 4. We seed each DSPy program418

with the baseline instruction for the corresponding419

benchmark from MedHELM’s prompt. For BFRS420

and MIPROv2 optimizers, we follow DSPy’s data421

separation: the demonstration pool is bootstrapped422

exclusively from the training split, while candidate423

prompts are evaluated on a disjoint held-out valida-424

tion split from the original training partition; neither425

optimizer ever sees the MedHELM leaderboard test426

set. Each benchmark’s loader creates a fixed train/val427

partition (default 90/10 with the same seed), and we428

cap both bootstrapped and labeled demonstrations429

at K ≤ 3 per module. All final scoring is performed430

via MedHELM, so outputs are judged identically re-431

gardless of how they were produced. All results reflect432

single, deterministic runs (temperature = 0), match-433

ing MedHELM’s experimental setup. For MedHELM434

baselines, we report MedHELM’s public leaderboard435

scores because the setup matches ours: (i) identical436

LM API version, (ii) zero-shot prompting, and (iii)437

no CoT reasoning.438

Metric calculation. To summarize overall gains,439

we take the mean of the three structured prompting440

methods (Zero-Shot CoT, BFRS, MIPROv2); for each441

LM, we first macro-average across benchmarks, and442

then average the ∆ (absolute % change over baseline)443

across LMs. The change in variability is reported444

analogously using the per-model across-benchmark445

standard deviation, σ. For each model and prompting446

method, σ is computed over per-benchmark scores447

(equal weight per benchmark).448

Appendix B. Computational Cost 449

Analysis 450

While our primary goal is not to maximize absolute 451

accuracy but to empirically estimate LM performance 452

ceilings, we also assess the computational implications. 453

We find that evaluation cost scales linearly with input 454

tokens, as output lengths are capped (<200 tokens). 455

DSPy optimizers such as BFRS and MIPROv2 in- 456

crease input length through added demonstrations 457

and task-specific instructions, leading to roughly 5–7× 458

higher token usage per query across benchmarks. In 459

contrast, Zero-Shot CoT introduces only a short rea- 460

soning header, yielding negligible overhead but captur- 461

ing most of the performance gain. This makes Zero- 462

Shot CoT the most cost-effective method, achieving 463

substantial accuracy improvement without incurring 464

significant evaluation cost. Optimization-phase com- 465

pute, by comparison, is a one-time expense amortized 466

over future runs and is lightweight in our configuration 467

($2 and ∼20 minutes per task). Overall, Zero-Shot 468

CoT offers the best benefit-per-cost ratio among struc- 469

tured prompting methods at improving robustness. 470
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