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Why Evaluation Became the Product

What This Means for Medical AI Investment

Something weird is happening on Hugging Face. Lingshu-7B has 143,000 downl
Second place ClinicalBERT sits at 26,800. That’s a 5.5x gap in a category that sho
be crowded with competition. This isn’t a normal power law distribution. This i
model completely dominating a space where dozens of well-funded teams are
supposedly building cutting-edge medical AI.

The obvious explanations don’t hold up. Maybe Alibaba just has better marketin
Except the model maintains consistently high ratings and shows up in actual
production deployments, not just demo repos. Maybe developers download it on
and realize it sucks? Nope, the community engagement suggests people are actu
using it. Something more fundamental is going on.

Medical AI has a different adoption problem than regular AI. Testing whether a 
classifier works takes five minutes. Testing whether a medical AI model works
requires clinical validation, regulatory consideration, and performance checks ac
imaging modalities most teams don’t have resources to run properly. This create
brutal filter where developers pick models that reduce their evaluation overhead
necessarily models that perform marginally better on academic benchmarks.

Lingshu isn’t doing anything revolutionary with model architecture. It’s built on
Qwen2.5-VL, a solid foundation model but nothing exotic. The magic is in three
unsexy choices that align with what medical AI developers actually need rather t
what looks good in papers.

The Numbers Tell an Uncomfortable Sto
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Most medical AI models claim they work across medical imaging. Then you chec
training data and find 80 percent chest X-rays. Why? Because MIMIC-CXR is fr
well-documented, and easy to work with. The result is models that absolutely cru
chest pathology detection then face-plant when you show them a dermatology im
or pathology slide.

Lingshu collected 5.05 million samples spanning twelve actual modalities: X-ray
MRI, ultrasound, dermoscopy, fundus, histopathology, microscopy, OCT, PET,
endoscopy, and digital photography. The breakdown matters: histopathology 22
percent, CT 18 percent, X-ray 13 percent, MRI 12 percent, ultrasound 8 percent
microscopy 7 percent, plus smaller chunks for everything else. This distribution
roughly matches what clinicians actually encounter instead of what’s convenient
download.

The dataset collection reads like someone actually did the tedious work. PMC-O
ROCO, ROCOv2, MIMIC-CXR for captions. PathVQA, PMC-VQA, SLAKE, Qui
LLaVA, VQA-Med-2019, PubMedVision, LLaVA-Med, VQA-RAD for instruction
COVID19-Radiography, NIH-Chest-X-Ray, CheXpert for X-rays. KIPA22, DeepL
for CT. Brain-Tumor-MRI, BraTS2024, LLD-MMRI, MAMA-MIA for MRI. Plus
datasets for ultrasound, dermoscopy, fundus, histopathology, microscopy. This is
glamorous work. This is months of someone dealing with incompatible data form
and weird licensing terms.

The data cleaning pipeline is where most teams would give up. Three stages: filt
images under 64 pixels because tiny images teach the model nothing useful, elim
exact duplicates using perceptual hashing with zero tolerance because duplicate
waste compute and cause overfitting, drop captions outside 10-1024 tokens beca
too-short captions are useless and too-long ones are usually garbage. Simple to
describe, nightmare to implement across millions of medical images with incons
metadata. They built a chunk-based deduplication system that makes this
computationally feasible without renting a small datacenter.

Real Modality Coverage Instead of Che

X-ray Theater



The modality tracking used a BiomedCLIP-based classifier because most dataset
have garbage metadata. This is important: if you don’t know what modalities you
actually training on, you can’t balance them properly. Most teams skip this step 
wonder why their model mysteriously sucks at certain imaging types.

Medical AI models consistently fail at three things. First, generating detailed im
descriptions beyond “abnormality detected in left lung.” Second, handling text
embedded in medical images like lab values, anatomical labels, measurement sca
Third, providing step-by-step diagnostic reasoning instead of just outputting an
answer with no explanation. These failures aren’t random. They’re predictable
consequences of training on data that doesn’t cover these use cases.

Lingshu built synthetic data specifically targeting each gap: 100k long-form capt
for detailed descriptions, 50k OCR samples for embedded text, 504k VQA sampl
question answering, 500k reasoning trajectories for step-by-step thinking. The
numbers matter less than the targeting. Most teams generate synthetic data by
prompting GPT-4 with medical images and hoping for the best. Lingshu identifi
specific failure modes then built data to fix them.

The caption synthesis process sounds insane but it’s the only way to get quality a
scale. Five stages. Stage one grabs metadata from datasets like which organ, whic
disease, which imaging modality. Stage two identifies regions of interest by conv
segmentation masks to bounding boxes. Stage three feeds GPT-4o the images wi
bounding boxes, metadata captions, and manually retrieved medical knowledge
because GPT-4o doesn’t know rare conditions like familial Mediterranean fever.

Stage four is where it gets interesting. They asked actual doctors what they look 
when reading medical images. For MRI: sequence type, image orientation, anato
structures, visible abnormalities. For X-rays: which body part, which anatomical
plane, which projection angle, signs of trauma, implants. These domain-specific
preferences got distilled into instructions that guide GPT-4o to generate descrip

Synthetic Data Targeting Actual
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aligned with how clinicians actually think. Stage five combines the factual stuff f
stage three with the clinical thinking from stage four, prioritizing facts but
incorporating clinical reasoning where it doesn’t contradict.

Why five stages instead of one? Because medical AI needs to balance two constra
that pull in opposite directions. It needs factual accuracy so it doesn’t hallucinat
nonexistent conditions. But it also needs clinical relevance so the output is actua
useful to doctors. Most teams optimize for one or the other. Lingshu built a pipe
that forces both.

The OCR synthesis addresses a specific failure mode where models can see text i
images but can’t reason about it. They collected biology and chemistry exam que
with ground truth answers, had Gemini-2.0-Flash-Thinking generate reasoning, 
only samples where the answer exactly matched ground truth, then rendered
questions as images. The result is training data where the model learns “this ima
contains text that I need to read, understand, and reason about” instead of “this 
contains patterns I should match to memorized answers.”

The quality control is brutal and most teams won’t do it. Any validation failure m
the whole sample gets tossed. For captions, if the stage three and stage four outp
contradict each other, discard. For OCR, if Gemini’s answer doesn’t exactly matc
ground truth, discard. For reasoning, if GPT-4o judges the reasoning inconsisten
with the answer, discard. This tanks throughput but the quality differential
compounds across training. A model trained on 100k high-quality samples will
outperform a model trained on 500k garbage samples.

Most medical AI models use single-stage fine-tuning: take a base model, dump
medical data at it, train until loss stops decreasing, pray it works. This fails beca
you’re asking the model to simultaneously learn medical terminology, image
understanding, anatomical relationships, diagnostic reasoning, and report writin

Multi-Stage Training That Mirrors

Knowledge Accumulation



conventions. That’s like teaching someone surgery, pharmacology, and bedside
manner at the same time.

Lingshu uses four stages, each with specific goals. Medical Shallow Alignment u
927k samples from just the coarsest datasets PMC-OA and ROCO. The LLM stay
frozen while only the vision encoder and projector train. Why freeze the LLM?
Because short medical captions like “CT scan showing pneumonia” would degra
LLM’s language abilities if you trained on them too early. The frozen LLM force
vision encoder to learn “these are medical images with these basic properties” w
breaking anything else.

Medical Deep Alignment uses 4.1 million samples mixing medical captions with
general domain image captions from LLaVA and PixMo. Everything unfreezes an
trains together. The general domain data is crucial here and most medical AI tea
miss this. Medical datasets are terrible at charts, tables, graphs, flowcharts, and 
structured information that shows up constantly in clinical workflows. Training
exclusively on medical images creates models that can read X-rays but choke on 
results table. The general domain data teaches “structured visual information ca
appear in lots of formats, not just photographs of anatomy.”

Medical Instruction Tuning uses 7.1 million samples across medical multimodal
general multimodal, medical text, and general text. They explicitly added high-q
caption data to counteract “local view bias” where instruction datasets focus too
on specific image regions. Picture a dataset of 10,000 images where every sample
“what’s wrong in this circled area?” The model learns to ignore everything outsi
circle. Adding caption data that describes the whole image forces more holistic
understanding.

Medical text data includes everything from MedQA licensing exam questions to
distilled reasoning datasets to patient-doctor dialogues. The patient-doctor dialo
required cleaning by LLaMA-3.1-70B to remove identity info and explicit medic
advice. Why remove explicit advice? Because “you have pneumonia, take amoxici
500mg three times daily” creates liability when the model hallucinates and tells



someone to take the wrong medication. Better to train on “your symptoms sugge
respiratory infection, consult a pulmonologist for evaluation and treatment.”

The implementation details matter for replication. AdamW optimizer, cosine lea
rate scheduler, 100 warmup steps, 8192 token max length, batch size 1 with 8 gra
accumulation steps. Data packing only works in instruction tuning because they
tested it in earlier stages and found it tanked performance. Why? Short medical
captions create sparse gradients when packed into longer sequences. The gradie
from “X-ray shows consolidation” vanishes in a sequence with five other samples
Data packing also reduces training steps which can prevent convergence. These 
the expensive lessons learned burning GPU time that most teams skip.

Medical-oriented Reinforcement Learning was the experimental fourth stage tha
barely worked. They curated 100k verifiable samples, reformulated answers as o
ended questions, balanced question types, downsampled yes/no questions to 5
percent. Used Group Relative Policy Optimization with standard reward design.
Results were flat with tiny gains on some tasks, losses on others.

Why did RL fail when it works great for code and math? Two reasons. First, med
reasoning is knowledge-driven not logic-driven. In math, the answer is either rig
wrong and you can verify it mechanically. In medicine, multiple answers might b
acceptable depending on clinical context, and verifying correctness requires med
knowledge the reward model doesn’t have. Second, most medical problems don’t
actually require complex reasoning. “What organ is shown in this image?” doesn
benefit from chain-of-thought. Training RL on these problems adds noise withou
improving the capabilities you actually care about.

Medical multimodal data exists in a weird limbo where everyone admits it’s
inadequate but nobody wants to fund proper curation. The scale gap is brutal.
General domain vision-language models train on billions of image-text pairs scra

The Data Problem Nobody Wants to Tal
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from the internet. Medical AI gets millions if well-funded, hundreds of thousand
not. Three orders of magnitude don’t disappear through clever algorithms.

Lingshu tackles this by strategically mixing data sources instead of hoping medi
data alone will work. The ablation studies show which data actually matters and
results are surprising.

Removing medical multimodal data (2.7M samples) hurt performance on SLAKE
PathVQA, and OmniMedVQA. This makes sense since those benchmarks feature
histopathology and X-rays that dominated the training corpus. If you train on ch
rays and test on chest X-rays, removing chest X-ray training data tanks performa
Not surprising.

Removing general multimodal data (1.2M samples) specifically hurt MMMU-Me
PMC-VQA. Why? Because these benchmarks contain complex charts, public hea
visualizations, infographics, and other structured information that doesn’t show
pure medical image datasets. A radiology report might reference a chart showing
patient vitals over time. If the model never saw charts during training, it can’t
understand the chart even if it understands the X-ray perfectly.

The real surprise was medical text data. Only 173k samples, the smallest categor
removing it caused substantial drops across five of seven tasks. This shouldn’t ha
if image-text pairs were sufficient for medical reasoning. The explanation: chain
thought reasoning traces encode medical knowledge way more efficiently than im
text pairs. A single reasoning trace might explain “patient presents with fever an
cough, differential diagnosis includes pneumonia vs bronchitis, key distinguishi
features are…” This one sample teaches relationships between dozens of concept
image-text pair teaches “this X-ray shows pneumonia.” The density differs by ord
of magnitude.

They also tested removing specific high-value components. Taking out medical
captions from instruction tuning (2M samples) hurt performance, validating the
choice to keep quality captions to reduce local view bias. Skipping the early align
stages entirely (4.8M samples worth of training) caused moderate drops, confirm



you can’t just jump straight to instruction tuning. Removing all synthetic multim
data (1.1M samples) hit performance especially on OmniMedVQA with its divers
modalities. Removing just the distilled reasoning text (162k samples) had nearly 
same impact as removing all medical text, confirming those CoT traces punch wa
above their weight.

Real medical data quality is all over the map and this creates headaches most tea
underestimate. PMC-OA and ROCO have okay captions but suffer from automat
extraction where figure captions don’t match image content. Someone writes a p
with Figure 3 showing “patient outcomes over 12 months” and the scraper pairs 
caption with Figure 4 showing “surgical approach.” MIMIC-CXR has scale but n
heavy preprocessing to separate findings from impressions and scrub protected h
info. You can’t train on “patient John Smith age 47 presents with…” without viola
HIPAA. PathVQA covers histopathology well but skews toward common cancer t
because rare cancers don’t generate enough training samples.

Building something balanced means combining dozens of sources with incompat
formats, inconsistent quality, and different licensing terms. Some datasets allow
commercial use, some don’t. Some require institutional agreements, some are op
Some have clean labels, some have labels in random XML schemas that require
custom parsers. This is why most teams stick to MIMIC-CXR and wonder why t
model doesn’t generalize.

The text cleaning process reveals another quality control layer most teams skip.
Patient-doctor dialogue datasets scraped from HealthCareMagic and icliniq con
identity info and explicit medical advice. They used LLaMA-3.1-70B to remove
identity content and rewrite responses. Why not just filter out personally identifi
info? Because the medical advice itself creates liability. “Take this specific medic
at this specific dose” might be appropriate for the original patient but inappropr
for whoever the model suggests it to later. Better to rewrite as “your symptoms
suggest consulting a specialist who can prescribe appropriate treatment.”

They also ran deduplication across instruction datasets using min-hash LSH. Wh
Because multiple datasets often contain the same questions rephrased slightly.



Training on near-duplicates wastes compute and causes overfitting. The dedupli
keeps only the highest quality version of each near-duplicate based on source
reliability. A question from MedQA (official licensing exam) beats the same ques
scraped from a study guide website.

The synthetic data quality control creates a bottleneck most teams underestimat
five-stage caption pipeline discards any sample where validation fails. If stage th
generates factual info and stage four generates clinical reasoning but they contra
the whole sample gets tossed. OCR samples only survive if Gemini’s answer exac
matches ground truth. Close doesn’t count. Reasoning trajectories only survive i
GPT-4o judges them consistent. This quality-over-quantity approach cuts effect
yield but the quality compounds across training. One high-quality reasoning trac
teaches more than ten mediocre ones.

MedEvalKit is probably why Lingshu actually has 5.5x the downloads. The mode
performs well but the standardized evaluation infrastructure solves a bigger pain
point. Every medical AI team faces the same nightmare: inconsistent benchmark
incompatible preprocessing, missing baselines, irreproducible results.

Picture trying to evaluate a medical AI model the traditional way. You need to tr
down sixteen different benchmark datasets. Each has different download proced
some require institutional access, some have broken links. Each has different dat
formats. VQA-RAD uses JSON, SLAKE uses XML, PathVQA uses CSV. Each nee
different preprocessing. Some images are JPG, some PNG, some DICOM. Some
questions are multiple choice, some open-ended, some expect single words. You 
custom code for each benchmark. You run experiments. You try to compare resu
but your preprocessing differs from the paper you’re comparing against so the
numbers aren’t actually comparable. You waste three weeks before running the fi
real experiment.

MedEvalKit consolidates sixteen medical benchmarks into a unified framework. 
codebase, standardized interfaces, consistent preprocessing. For multimodal QA

Why Evaluation Became the Product



includes VQA-RAD, SLAKE, PathVQA, PMC-VQA, OmniMedVQA, MMMU Hea
subset, and MedXpertQA multimodal, covering 135,617 questions across 121,62
medical images spanning radiology, pathology, general medicine. For text QA it
includes MMLU medicine, PubMedQA, MedMCQA, MedQA-USMLE, MedBulle
MedXpertQA text, SuperGPQA medical, covering 13,724 questions across licens
exams, literature comprehension, clinical reasoning. For report generation it use
MIMIC-CXR, IU-Xray, CheXpert Plus for 2,725 chest X-ray reports.

The infrastructure design reduces friction dramatically. vLLM acceleration mean
can run inference fast enough to evaluate in hours not days. Standardized model
interfaces work across architectures so you don’t rewrite adapter code for each m
Unified preprocessing means everyone uses the same image resizing, same
tokenization, same prompt formats. Automated metric calculation means you do
debug evaluation code looking for why your accuracy is 2 percent lower than
expected.

A team can evaluate a new medical model against sixteen benchmarks in hours in
of weeks. This compounds as more teams use it because results become directly
comparable without methodology debates. When everyone uses different
preprocessing, “my model gets 75 percent on PathVQA” means nothing because
maybe you resized images differently or used different prompt formatting. When
everyone uses MedEvalKit, 75 percent means 75 percent.

The performance results show Lingshu actually works across diverse tasks instea
just crushing one benchmark. Lingshu-7B averaged 61.8 percent across seven
multimodal tasks, beating comparable-sized InternVL3-8B at 57.3 percent and
specialized medical models like HuatuoGPT-V-7B at 54.2 percent. Scaling to Lin
32B pushed average to 66.6 percent, exceeding all open-source competitors and
closing in on proprietary models like GPT-4.1 at 63.4 percent.

The really interesting pattern shows up in task types. Report generation has the
largest gaps. Lingshu scores roughly double what InternVL achieves on metrics 
CIDEr, which measures how similar generated text is to human-written referenc
Why such a big gap? Because report generation requires understanding medical



terminology, anatomical relationships, diagnostic reasoning, and writing convent
simultaneously. A model that just memorized X-ray patterns can answer “what d
is shown” but can’t write “there is opacity in the right lower lobe suggesting
consolidation, differential includes pneumonia and atelectasis, recommend clini
correlation.” The multi-stage training helps here where each stage builds specifi
capabilities that compound.

Modality-specific results show where Lingshu is strong versus weak. It hits 88 p
on microscopy, 84 percent on MRI, 82 percent on dermoscopy where fine-graine
texture matters. Drops to 78 percent on X-ray and 72 percent on CT where
competition from specialized radiology AI is fiercest. This makes sense. The mod
distribution in training had histopathology and microscopy well-represented, so
model learned those patterns well. CT and X-ray had more samples in absolute t
but also face more competition so the benchmark difficulty is higher.

The reinforcement learning results barely moved the needle and this matters for
understanding what works in medical AI. Lingshu-RL showed marginal gains on
tasks, losses on others, averaging near-zero improvement. Why did RL fail when
crushes in code generation? Medical reasoning is knowledge-driven not logic-dr
In code, the answer is either right or wrong and you can check it by running the 
In medicine, multiple answers might be acceptable and verifying correctness req
medical knowledge the reward model doesn’t have. Building a reward model tha
accurately judges medical reasoning quality is an unsolved problem. Until that’s
RL will struggle in medical domains.

The download gap signals market maturation where developers pick production
over academically novel. Early medical AI focused on pushing SOTA metrics on
narrow tasks. “We achieved 94 percent accuracy on this specific pneumonia data
makes a great paper but doesn’t help someone building a production system that
needs to handle twelve different imaging modalities across hundreds of conditio

What This Means for Medical AI

Investment



Current medical AI needs models that work reliably across diverse clinical conte
with minimal fine-tuning. Lingshu wins by reducing deployment friction, not th
fundamentally different architectures.

The infrastructure investment ratio matters for anyone building in this space.
Lingshu probably spent 70 percent of engineering resources on data and evaluat
infrastructure versus 30 percent on model training. This inverts typical AI resea
priorities where teams spend 90 percent on model architecture and 10 percent o
data. The inversion makes sense for production systems but requires different te
composition. You need more data engineers who can wrangle messy medical data
and build quality control pipelines. Fewer ML researchers who can invent novel
attention mechanisms.

The synthetic data economics deserve attention because the costs scale nonlinea
Generating quality synthetic medical data requires API costs for GPT-4o and Ge
plus expert validation labor. Lingshu synthesized 1.3M samples with quality con
that likely required 2M+ generation attempts accounting for rejected samples. A
current API pricing where GPT-4o costs roughly $5 per million input tokens and
per million output tokens, and assuming each generation attempt uses 1k input
tokens (image + prompt) and produces 500 output tokens, the math is roughly $5
1k attempts for input and $7.50 per 1k for output, so $12.50 per 1k attempts tot
2M attempts that’s $25k in pure API costs. Add validation labor where medical
experts review samples at maybe $100/hour and can review 100 samples/hour, so 
per sample, times 1.3M successful samples is another $1.3M in labor. The real co
likely landed somewhere between $50k-$150k total accounting for efficiencies an
optimizations. Companies attempting similar approaches need budgets an order
magnitude beyond typical fine-tuning experiments.

The evaluation standardization opportunity extends beyond model development 
an entire business. Medical AI companies spend substantial engineering time bu
custom evaluation pipelines for regulatory submissions, clinical validation, ongo
monitoring. A well-designed framework handling diverse medical tasks with
reproducible metrics could become standalone infrastructure multiple companie
to use. MedEvalKit proves technical feasibility. The monetization play is buildin



hosted service where companies upload their models, run standardized evaluatio
get reports formatted for regulatory submission. The wedge is “we’re the standa
everyone uses so investors and regulators trust our results.” The expansion is
evaluation infrastructure plus model hosting plus monitoring. Potential to build
$50M+ ARR business just on evaluation infrastructure if executed well.

Modality coverage creates natural barriers to entry that favor certain company
profiles. Training a medical multimodal model that performs reasonably across t
imaging modalities requires access to diverse datasets. Many have restrictive lice
requiring institutional partnerships. MIMIC-CXR requires completing ethics tr
and signing data use agreements. Some pathology datasets require IRB approval.
international datasets require physical presence in that country. This complexity
favors larger organizations with established partnerships or well-connected acad
groups with institutional access. Startups trying to build from scratch hit licensi
walls. The opportunity is building data aggregation services that handle licensin
complexity, kind of like what Scale AI does for general domain data but specializ
for medical imaging with expertise navigating institutional partnerships and dat
agreements.

The performance gaps between model sizes suggest scaling laws still work in me
domains despite data constraints. The 7B model hit 61.8 percent average on
multimodal tasks while 32B reached 66.6 percent, a pattern matching general do
models where roughly doubling parameters gives 3-5 percentage points. This im
medical AI can benefit from compute scaling if sufficient quality data exists, con
to conventional wisdom about hitting data walls quickly. The practical implicati
companies should plan for model size scaling not just data scaling. A 7B model m
hit good enough for MVP. A 32B model might hit good enough for enterprise sa
70B+ model might hit good enough for replacing radiologists in specific workflo

The comparison with proprietary models reveals narrowing capability gaps that
matter for competitive positioning. Lingshu-32B at 66.6 percent trails GPT-4.1,
Claude Sonnet 4, and Gemini-2.5-Flash by small margins. Given Lingshu uses ro
1/10th the parameters and trains on dramatically less data, this suggests medical
may not require frontier-scale resources for clinical utility. Companies can likely



achieve acceptable performance with mid-size models and focused data curation
implication for startups: you don’t need $100M to compete. You need $5-10M fo
compute, data, and focused engineering. The moat isn’t model scale, it’s data qua
and workflow integration.

Download velocity provides a leading indicator for production adoption that inv
should track. Models accumulating downloads quickly typically see production
deployment within 3-6 months as developers complete evaluation and integratio
Lingshu hit 143k downloads roughly nine months post-release, implying hundre
teams evaluated it and dozens likely moved to production. This creates a feedbac
loop where production deployments generate feature requests and bug reports t
improve the model, attracting more developers. The investment signal: track
download velocity on new medical AI models. If something hits 10k downloads i
first month, that’s worth investigating as a potential category winner.

The open-source strategy deserves analysis because it has different implications 
different company sizes. Alibaba DAMO Academy released everything: model,
training code, evaluation framework, detailed docs, permissive licensing. This
accelerates adoption but sacrifices direct monetization. For large tech companie
makes sense as talent attraction and ecosystem building. Releasing open-source
medical AI makes Alibaba attractive to ML researchers, creates goodwill with
academic medicine, and builds ecosystem lock-in where startups build on Lingsh
then potentially become customers for Alibaba Cloud. For startups the calculus
differs. Open-sourcing your core model might accelerate adoption but kills direc
model monetization. Better to open-source evaluation infrastructure or data too
while keeping the model proprietary, or open-source a smaller version while kee
the large version commercial.

Benchmark performance variation across tasks highlights specialization opportu
that narrow AI companies should pursue. Lingshu crushes on report generation,
2x better than competitors, but shows smaller advantages on multiple choice
questions. This suggests room for specialized models focusing on specific clinica
workflows rather than general medical AI. A company building AI for radiology
report writing could fine-tune Lingshu variants dominating that use case. The



training data would emphasize report structure, medical writing conventions, an
integration with existing radiology workflows. The evaluation would focus on re
quality metrics that matter to radiologists like finding completeness and diagnos
accuracy. The go-to-market would target radiology practices and hospital system
with integration into existing PACS systems. This focused approach probably be
trying to build a general medical AI that does everything mediocre instead of on
thing extremely well.

Medical AI remains capital-intensive differently than typical software startups a
this affects fundraising strategy. Building something comparable to Lingshu req
roughly $500k in compute, $100k+ in data synthesis and validation, 12-18 month
specialized engineering. Add team salaries and overhead and it’s $3-5M to first
production-quality model. This creates minimum viable scale exceeding most se
budgets but accessible to well-funded seed or series A. The fundraising implicat
teams should raise $5-8M seed rounds for medical AI instead of the typical $2-3
plan for 18-24 month runway on series A instead of 24-36 months typical for Saa
The alternative is partnering with academic medical centers to access institution
compute and data, but that brings its own complications around IP ownership an
commercialization rights.

The evaluation benchmark selection reveals what the market actually cares abou
versus what sounds impressive in papers. MedEvalKit prioritizes VQA and repor
generation over diagnostic accuracy on specific diseases. This reflects current
deployment patterns where AI assists with documentation and information retri
more than definitive diagnosis. Investment theses assuming AI will replace diagn
decision-making may misread near-term market dynamics where AI augments
workflow efficiency instead. The practical opportunity is building AI that makes
doctors 20 percent faster at documentation rather than AI that makes diagnostic
decisions autonomously. The former is achievable with current technology and
acceptable to clinicians. The latter requires unsolved problems in reliability and
interpretability and faces regulatory barriers that won’t clear for years.

Lingshu demonstrates that medical AI development follows different optimizati
criteria than general AI, and this matters for company building. The model succ



not through novel architectures or training techniques but through systematic
engineering across data, evaluation, and multi-stage training. Medical AI compet
advantages accrue to teams with strong data engineering, rigorous evaluation
methodology, and patience for multi-stage development rather than teams chasin
state-of-the-art model architectures. For investors this implies different founder
profiles than typical AI startups. The ideal founding team has someone who spen
years wrangling medical data at a hospital or health system, someone who built
production ML systems at scale, and someone who understands clinical workflow
from working in healthcare delivery. The PhD from Stanford who invented a nov
attention mechanism probably isn’t the right founder unless they also have the
complementary skills.​​​​​​​​​​​​​​​​
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