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Supplementary material

We present the following items in the supplementary material section:

1. Data curation models, algorithms and parsing pipelines (Section A)
2. Exploratory analysis of the collected data (Section B)
3. Pretraining and downstream evaluation details (Section C)
4. Exploration of trained model representations (Section D)
5. A Datasheet [13] for our QUILT dataset (Section E)

A Data curation models, algorithms and parsing pipelines

A.1 Curating QUILT: an Overview

Creating a densely annotated vision-language dataset from videos is a significant undertaking, as it
involves various handcrafted algorithms and machine learning models. In the following sections, we
present more detailed information about the challenges of the data curation pipeline and algorithms
used to address these challenges. To download QUILT-1M and its metadata and access the code to
recreate the dataset and trained models, refer to our website.

Collecting representative channels and videos. The first challenge lies in obtaining relevant
histopathology videos. We used a set of keywords (obtained from online histopathology glossaries
2) to search for videos, resulting in ≈ 65K potential matches. Figure 1 shows the word cloud of all
keywords used for searching YouTube. However, filtering histopathology content based on thumbnail
and title yields many false positives, often including general pathology videos. To address this, we
process the frames of lower-resolution versions of each video to differentiate between histopathology
and pathology content, narrowing the selection to ≈ 9K videos.

Filtering for narrative-style medical videos. Among the ≈ 9K videos, we sought videos with a
"narrative style" where narrators freely explain whole slide images and streaks of similar frames
occur, indicating an educational performance. To identify such content, we used a model that
analyzed randomly sampled frames to determine if they maintained a consistent style over time.
This process resulted in the selection of ≈ 4K videos. Non-voiced videos are also filtered by using
inaSpeechSegmenter [10] where the video endpoint does not provide the video language or transcript.
To identify the audio language of a video, we first check YouTube’s API. If the information is

∗Reach corresponding author at wisdomik@cs.washington.edu; : Equal contribution.
2https://lab-ally.com/histopathology-resources/histopathology-glossary
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Figure 1: Word cloud of all keywords used for searching YouTube

unavailable through the API, we use OpenAI’s Whisper model [31] on the first minute of audio from
the video.

To identify videos containing medical content, we employ a keyframe extraction process with a
specific threshold to determine the minimum visual change required to trigger keyframes. For a new
video, the thresholds for keyframe extraction are determined by linearly interpolating between the
lowest threshold, 0:008 (5-minute video) and the highest 0:25 (200-minute video). Following the
keyframe extraction process, we utilize a histopathology image classifier to identify histopathology
content within the extracted keyframes. See A.3 for more details. To identify narrative-style videos,
we randomly select a min(num_of_histo_scene_frames; 20) keyframes from a video and utilize a
pre-trained CLIP 3 (ViT-B-32) model to embed and compute a cosine similarity on the next three
keyframes. If all three have similarity scores ≥ a threshold of 0:9, we count the video as a narrative
streak.

Table 1: Salvagable and Non-salvagable cases for ASR correction using an LLM.

Error due to Raw output Salvagable Non-salvagable
(beacause LLM
can rephrase and/or
extract contextually
similar correction)

(because the error losses all
possible medical context and
can lead to wrong entries)

Unfinetuned ASR ...look like the cranialomas I would expect in HP. They
actually look more sarcoidal to me. The reason I say
that is they, there’s a kind of positive of inflammatory
cells associated with them. They’re really tight and
well-formed. They’re very easy to see a low power.
And so HP is in the differential hypersensium nitose,
but I would be more worried about sarcoidosis.

differential hypersen-
sium nitose: hyper-
sensitivity pneumoni-
tis,
cranialomas: granu-
lomas

positive: paucity

LLM high-larbidia-stinal lymphadenocathy
——————
lymphin-giatic pattern distribution

returns hilar lym-
phadenopathy
instead of a more
appropriate hilar
mediastinal lym-
phadenopathy

returns lymphatic pattern dis-
tribution instead of a more
appropriate lymphangitic pat-
tern distribution

Incomplete UMLS
checker

...picnotic - LLM correctly returns py-
knotic however, UMLS(2020)
does not have the word py-
knotic if fails to pass the
UMLS check.

Text extraction using ASR and text denoising. Another challenge involves automatic speech
recognition (ASR), as YouTube captions are often inadequate for medical vocabulary. To address this
issue, we employed the Large-V2 open-source Whisper model [31] for speech-to-text conversion.
However, general-purpose ASR models like Whisper can misinterpret medical terms, particularly
when the speaker’s voice is choppy or accented. There are no straightforward trivial solutions due
to: 1) the absence of openly available medical ASR models or data for fine-tuning in the medical

3https://huggingface.co/sentence-transformers/clip-ViT-B-32
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domain; 2) the inadequacy of medical named entity recognition models in detecting transcription
errors, because these models are typically trained on correctly spelled words; 3) the ineffectiveness
of methods like semantically searching over a medical glossary, such as UMLS, which only prove
effective when the erroneous text has significant similarity to the correct terms; and 4) the inability of
simpler methods like finding the longest common substring, which might work in finding a match in
the glossary/ontology for replacement, but cannot identify the wrong words/phrases in the first place.
To rectify ASR errors, we employed UMLS (a knowledge database) and a LLM (GPT-3.5). This,
however, introduces a new challenge of identifying incorrectly transcribed words and determining
which words were mistakenly "corrected" and correctly formatted by the LLM after error correction
and resolving unintended parsing errors [1]. See Figure 3 in the main paper for LLM prompt examples
of ASR correction and medical and ROI text extraction from the corrected ASR text. Refer to Table 1
for error examples of ASR correction using the LLM.

Stable frames Unstable frames

Stable frames Stable frames

Unstable frames

Figure 2: Representative Frame Identification. If a Stable frame is found by Algorithm 1 within the
candidate regions, we use it as the representative frame. If not, we use the most dissimilar frames
among unstable frames.

Image frame extraction and denoising. The image processing aspect of this task adds to its com-
plexity, as it requires static frame detection, quality control for frames, and histology magnification
classification. Each model utilized it these steps introduces its own biases and errors. We extract
time-intervals (chunks) from each video from which we extract representative image(s). For each
of the extracted chunks (tn; tn+1), the static chunk detection algorithm 1 is used to extract sub-
time-intervals with static frames within the chunk. If found, we save the median (in pixel space to
prevent blurry outputs) of the stable frames, else (i.e no stable duration of frames) we leverage the
structural similarity index (SSIM) method on histopathology key-frames to find the most dissimilar
histopathology image to make up the representative images for the chunk, essentially de-duplicating
the frames. Figure 2 demonstrates this process.
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Algorithm 1 Static Video Chunk Detection Algorithm

1: procedure DETECTSTATICFRAMES(video, starttime, endtime)
2: video = video[starttime:endtime]
3: f ixedF rames  ;
4: SSIMV alidatedF rames  ;
5: prevF rame  �rst frame in video
6: for f rame 2 rest of frames invideo do
7: absDif f  absolute difference betweenframe andprevF rame
8: absDif fThresh  apply adaptive thresholding using a Gaussian �lter toabsDif f
9: meanV al  mean value ofabsDif fThresh

10: if meanV al < 10 then
11: f ixedF rames  f ixedF rames [ f rame
12: else
13: if length off ixedF rames � minimum durationthen
14: subclip  extract sub-clip of frames with constant background fromf ixedF rames
15: for patch 2 randomly selected patches in each frame ofsubclip do
16: SSIMV al  calculate SSIM ofpatch
17: if SSIMV al > thresholdthen
18: SSIMV alidatedF rames  SSIMV alidatedF rames [ f rame
19: end if
20: end for
21: end if
22: f ixedF rames  ;
23: end if
24: prevF rame  f rame
25: end for
26: staticT imestamps  extract start and end times from SSIMValidatedFrames
27: return staticT imestamps
28: end procedure

Aligning both modalities. The alignment of the images with their corresponding text requires the
implementation of unique algorithms. These algorithms are designed to reduce duplicate content
and ensure accurate mappings between image and text. See Figures 3 and 4 and Table 2 for
a a demonstration of image-text alignment process. See Figure 5 for sample images and their
corresponding medical and ROI texts and the sub-pathology classi�cation provided by the LLM.

Figure 3:Overview of use of timing and keywords for AlignmentImages within a video chunk, i.e
{A, B, C}, I n at tn are aligned with medical texts extracted within the same chunk. Theraw_keywords
within each example chunk is colour coded to illustrate matches withkeywordsextracted from the
medical texts and only matching keywords allow for the pairing of texts containing saidkeywordsto
image frames with frame-times aroundraw_keywordstimes.
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Figure 4:Video Chunking algorithm illustrate. With each transition tag explained in Table 2, we
leverage predicted histopathology frames at times /t1; � � � tn / to segment videos into chunks. Chunks
at are minimum areTP in duration, this value is estimated based on the word-per-second of the video
with a minimum of 20 words being captured per chunk. Images within a chunk , unlike texts, are
not overlapping with other chunks . Text overlap is done to provide needed context for LLM text
correction and extraction.

Table 2:All 6 (six) transition states for chunking narrative style videos. p(H )t n is the binary
histo image classi�er prediction at the current frame's timetn andp(H )t n � 1 is the prediction at next
frame's timetn � 1, whereTR is the cumulative running time andTP is the estimated minimum chunk
time for the video, determined by the words per second of the video. Text and image chunks are
implemented as an ordered list of time intervals and image indexes.

P (H )@t n P (H )@t n � 1 t n � t n � 1 > T p Tr > T p Text chunk Image chunk Tag

0 0 – – – – A

0 1 – – end = t n ; append(s; e); reset append index to chunk state, if
state is empty append prior in-
dex; reset state

B

1 0 – – start = max( t n � 1 ; t n � Tp ) append index to chunk state C

1 1

1 –
end = t n ; append(s; e); reset state;
start = t n � Tp

append index to chunk state; re-
set state

D

0

1 end = t n ; append(s; e); reset state;
start = t n � Tp

append index to chunk state; re-
set state

E

0 – append index to chunk state F

A.2 Other data sources

A.2.1 PubMed Open Access Articles

We searched the PubMed open-access from2010� 2022with keywords (pathology, histopathology,
whole-slide image, H&E, and148keywords from a histopathology glossary4). We utilized Entrez5 to
retrieved the top 10,000 most relevant articles for each keyword. This query yielded 109,518 unique
articles with PMCIDs. We extracted162; 307images and their corresponding captions. Using our
histopathology classi�er and cropping multi-plane �gures as described in A.4, we extracted59; 371
histopathology image and caption pairs with an average caption length of54:02 tokens. Figure 6
demonstrates the pipeline of collecting data from PubMed.

A.2.2 Histopathology Image Retrieval from LAION

The Large-scale Arti�cial Intelligence Open Network (LAION-5B) [33] curated over 5 billion pairs
of images and text from across the Internet, including a substantial volume of histopathology-related

4https://lab-ally.com/histopathology-resources/histopathology-glossary
5http://www.ncbi.nlm.nih.gov/Entrez
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Figure 5: A collection of sample images from our dataset, accompanied by corresponding medical
text, ROI text, and the top three sub-pathology classi�cations derived from the ASR text using the
LLM.

data. We tapped into this resource by retrieving the 3000 most similar LAION samples for each of the
1; 000pairs of images and text sampled from PubMed andQUILT , using a CLIP model pre-trained on
the LAION data. The retrieval process utilized both image and text embeddings, with cosine similarity
serving as the distance metric. Subsequently, we eliminated the duplicate images and removed all
non-English pairs from the remaining pairs using LangDetect6. Consequently, the process yielded
22; 682image and text pairs.

A.2.3 Twitter Data from OpenPath

We utilized a list of tweets curated by Huang et al.[14] which totaled up to55; 000unique tweets
and133; 511unique image-text pairs. This exhibits a one-to-many relationship that leans towards the
image side, differentiating our work from the OpenPath approach, where we had one image matching
with multiple captions (as in the case of MS-COCO captions). In order to maintain comparability
with OpenPath, we followed their text pre-processing pipeline given in [14].

6https://github.com/fedelopez77/langdetect
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Figure 6: (a) Search PubMed open access database, �lter based on keywords, date, language and sort
by relevance. (b) Download paper and media for each search result. (c) Extract and pair �gures and
captions. (d) Separate multi-plane �gures, �nd histopathology images and their magni�cation. (e)
Final result.

A.3 Histopathology and Magni�cation classi�er

We use an ensemble of three histopathology image classi�ers. To ensure robustness, our ensemble
approach consists of two small Conv-NeXt models [26] and one linear classi�er �ne-tuned with DINO
features [9]. This combination is necessary due to the homogenous appearance of histopathology
images and the risk of false positives from similar pinkish-purple images. One Conv-NeXt model is
trained in detecting non-H&E Immunohistochemistry (IHC) stained tissue images, while the other
models are trained to handle all IHC stains and tissue types. The training data includes eight sub-
groups of the TCGA WSI dataset and a mix of general-domain images, PowerPoint (slide) images,
and scienti�c �gure datasets. See Table 3 for details of these datasets.

For the magni�cation classi�er, we �netune a pretrained ConvNeXt-Tiny model [26], with standard
preset hyperparameters for a few epochs and select the best performing model on the validation set.
To generate a training set for the magni�cation model, TCGA subsets were segmented into patches
using a method similar to [41]. These patches were generated at various magni�cations, which were
then categorized into three labels: 0:{1.25x, 2.5x, 5x, 10x}, 1:{20x}, 2:{40x}. The TCGA subsets
were chosen to ensure a diverse representation of tissue morphologies and cancer types, thereby
ensuring robust and comprehensive model training. The model was also trained on cytopathology
microscopy images and various IHC stains beyond H&E to enhance the model's generalizability
across different conditions. Only the ACROBAT and TCGA datasubsets are preprocessed to divide
the WSIs into patches at various scales.

A.4 Support Models, Ontology Databases and Algorithms

This section describes the support models, ontology databases and handcrafted algorithms utilized
within our pipeline for both searching and parsing our data.

Ontology databases.We employ various ontologies, both speci�c to histopathology and general
ones. Among them are OCHV [2], FMA [29], BCGO7, NCIT [11], MPATH [32], HPATH [40], and
CMPO [18]. These ontologies serve a dual purpose. First, we used histopathology-speci�c ontologies
(HPATH, MPATH, BCGO, and CMPO) to provide words/phrases to condition the LLM, enabling it
to identify incorrect words. Second, all ontologies, in conjunction with UMLS, are used to obtain
terms or phrases for validating the output of the LLM.

Sub-pathology types. The list of all 18 sub-pathology types used to prompt LLM on the text
classi�cation task are:Bone, Cardiac, Cyto, Dermato, Endocrine, Gastrointestinal, Genitourinary,
Gynecologic, Head and Neck, Hemato, Neuro, Ophthalmic, Pediatric, Pulmonary, Renal, Soft

7https://bioportal.bioontology.org/ontologies/BCGO
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