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Executive Summary 
Stand Up To Cancer (SU2C) hosted an Innovation Summit designed to explore artificial intelligence (AI) in cancer 
research as it relates to early detection, diagnosis, and treatment. The 83 attendees included researchers, 
clinicians, and collaborators to discuss the results of cutting-edge work in AI and early detection, where the field 
is headed, and what research is needed to realize the vision.  
 
Early detection of cancer was a major theme of the Summit. Key questions participants were charged with 
considering throughout the day were: 

1) What do we have today, what can we imagine for tomorrow, and how do we transition? 
2) How will artificial intelligence become a practical activity in cancer early detection for both relapse and 

new disease? 
3) Where could SU2C and the research community make investments to drive impact? 

 
Following an introduction from Julian Adams, PhD, CEO and President, Stand Up To Cancer, and the Innovation 
Summit moderator, Peter Sorger, PhD, from Harvard Medical School, three sessions involved presentations and 
panel discussions about the current state-of-science for key areas: (1) Diagnostics and Early Detection, (2) Spatial 
Pathology, Morphological Histology, and Omics, and (3) Medical Records and Algorithms. Brief descriptions of 
each presentation and discussion are included in the extended meeting report. 
 
The attendees then transitioned into discussion groups about where the fields are headed and how SU2C can 
contribute towards those goals. The key takeaways from the group discussions included: (1) the need for 
infrastructure, (2) the need for methods of data collection and sharing among clinicians, researchers, and 
companies, (3) the need for appropriate platforms for the multiple types of data, (4) who and how to bear the 
financial costs for computing and testing, and (5) the future of wearable technology.   
 
The meeting concluded with a Fireside Chat between Bruce Ratner, author of Early Detection: Catching Cancer 
When It’s Curable, and Julian Adams. Ratner described his family history and his passion for screening and early 
detection of cancer. He also recommended mass media efforts towards awareness campaigns about screening 
and early detection.  
 
 
 
 
 
 
 
 
Questions about this meeting can be sent to science@su2c.org.  

mailto:science@su2c.org
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Introduction 
Julian Adams, PhD, SU2C and Peter Sorger, PhD, Harvard Medical School 
After a welcome address by Dr. Julian Adams, Dr. Peter Sorger, moderator of the event, kicked off the Innovation 
Summit by introducing the purpose and structure of the day. He stated that a key goal of the Summit was to 
facilitate innovations that help artificial intelligence move from the laboratory to the patient and the bedside; to 
help more people prevent cancer; and to further implement early diagnosis so those with cancer can become 
long-term survivors.  
 
The introduction included an overview of the use of machine learning and described it as pervasive in 
biomedical research, which offers the field of cancer prevention and treatment both challenges and 
opportunities. Dr. Sorger cited situations in which AI is being used, for example, the diagnosing of primary 
cancer and recurrence at earlier timepoints; the ability to match patients with precision medicine; the 
identification of new therapies for poorly controlled diseases; digital pathology and image recognition; 
wearables; and the advancement of multi-cancer early detection tests. 
 
Dr. Sorger also described the importance of bespoke machine learning, custom-built or tailor-made machine 
learning models, specifically designed for a particular problem or application, which is fundamentally different 
than genomic machine learning. He indicated that embedding underlying knowledge with medical knowledge is 
a future possibility. For instance, knowledge of protein chemistry can be overlaid with a risk prediction algorithm 
as a machine learning model.  
 
A key challenge with machine learning and the current environment centers on the investment-driven decisions 
in medicine, which significantly favors the development of therapeutics over diagnostics. This preference is 
driven by the increased sale potential of therapeutics, the relatively low funding rates for diagnostic 
development, and the current status of reimbursement through healthcare systems. The current research 
environment is reaping the rewards of past discoveries: since 1990, incidents of cancer mortality rates for men 
and women have been significantly decreasing, however there remains significant room for improvement.  
 
Dr. Sorger charged participants with the challenge of advancing cancer diagnosis and prevention to ensure that, 
in several years, we have utilized and advanced AI towards impact and benefit for patients. 
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Session 1: Diagnosis and Early Detection 
 
Breakthrough Tools To Support Diagnostics: Doing Now What Patients Need Next 
Thomas J. Albert, PhD, Roche Diagnostics  
To provide a sense of how much Roche work in diagnostics and their massive scale, Dr. Thomas Albert offered a 
few key facts, including that Roche has more than 100,000 installed instruments; 12 FDA breakthrough 
designations in the last 5 years; more than 29 billion Roche tests performed in 2023; and more than 100 tests on 
the WHO list of essential diagnostics. His objective in the presentation was to focus on what Roche is doing now 
through AI that patients will need next. He described the nature of the current U.S. reactive healthcare system 
where providers focus on diagnosis of symptomatic patients to identify treatments with the hope of curing the 
patient. However, much of the time, it may be too late. His proposition was that diagnostic testing can change 
this reactive system and move to a new paradigm in the next decade. 
 
Focusing on earlier identification for both the disease and for therapy response is where Roche would like to 
move, and he indicated that diagnostics is the key to making this happen. Their goal is to increase the 
advancement and usefulness of diagnostics and produce them at a very large scale to improve healthcare. He 
proposed that better automation, integration of systems, and machine learning with algorithms that can distill 
very complex data sets into useful information for providers will allow them to make more informed healthcare 
recommendations for their patients. Dr. Albert discussed how Roche is trying to push this forward through 
technologies to facilitate multiplex pathology in bright-field microscopy, and investigating blood-based 
biomarkers for cancer and other diseases using machine learning to distill the complex multi-modal data. 
 
The Promise and Early Experience with Multi Cancer Early Detection 
Jeffrey Venstrom, MD, GRAIL  
Dr. Venstrom began his presentation with a focus on the unmet needs and opportunities in cancer screening. 
Despite the hundreds of types and sub-types of cancers, only five standard of care screening tests are 
recommended on a routine basis for population health: colorectal, breast, lung,prostate and cervical. These 
single cancer screening tests have limitations and barriers, including a low positive predictive value of less than 
10%, which means a high number of false positives. Today, the majority of cancer deaths are due to unscreened 
cancers. Early detection is critical, because the survival rate is four times greater when cancer is found early, and 
treating late-stage cancer can be more expensive than treating early-stage cancer. 
  
To address these issues, GRAIL developed a multi-cancer early detection test called Galleri®, which screens for a 
“fingerprint” of many of the deadliest cancers, including those we don’t have recommended screening tests for 
today, such as pancreatic, ovarian, and liver. The test detects chemical changes in fragments of genetic code or 
cell-free DNA shed from tumors into the bloodstream. Clinical data has shown that this technology can detect 
more than 50 cancer types with a very low false positive rate, and the developers of this test hypothesize that 
there are enough similarities in cancer types with a shared underlying biology encoded in the genome. 
Therefore, a simple blood test may be used to detect multiple cancers.  
  
GRAIL’s Circulating Cell-Free Genome Atlas study included 15,254 participants with and without cancer at 142 
sites in the U.S. and Canada while seeking to find a test that can identify a cancer signal across multiple different 
cancers with a shared biology and identify the best biomarker for multiple cancers. In the research, they focused 
on methylation, which is a chemical tag that attaches to DNA and controls gene expression, because cancer is a 
disease of the genome which has more than 30 million methylation sites. Machine learning classifiers were 
trained to recognize the differences in methylation patterns of cancer compared to healthy cells. GRAIL’s study 
along with an additional case controlled replicated study effectively demonstrated a very low 0.5% false positive 
rate, a high 43-44% positive predictive value, and an impressive 88-89% cancer signal origin accuracy which 
allows identification of the cancer’s origin.  
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The Galleri® test became available in the U.S. by prescription in 2021 to serve as an adjunct to standard of care 
screening methods and is currently not a replacement for existing cancer screening tests. Dr. Venstrom reported 
that multiple organizations are now adopting the Galleri® test, including healthcare systems, employers, fire 
departments, and life insurers. GRAIL also offers healthcare providers direct support from our medical science 
liaisons and access to a specialized Galleri experience council. For patients with a Galleri positive test result, we 
offer a support center that provides materials explaining the cancer signal detected result that can be shared 
with health care providers managing follow-up diagnostic evaluation.        
  
Rapid and Explainable Clinical and Molecular Diagnosis from Histopathology 
Alexander Pearson, MD, PhD, University of Chicago  
Dr. Pearson presented the current state of digital pathology using computer technology to capture, manage, share, 
and interpret digital images of microscope slides. His work is focused on developing clinically-relevant, innovative, 
and helpful computational methods. Digital pathology, conducted by humans on digital pathology images, is a 
standard component of cancer diagnosis. Almost every person who has been diagnosed with cancer has an 
associated slide or image, which can be digitized and analyzed with appropriate software using AI. Machine 
learning and computational analysis of digital pathology can automate human tasks, meaning a computer can do 
a human task in many settings and reduce costs associated with staff time required. 
 
 Digital pathology slides provide an enormous amount of information, including how cells are associated with 
each other, their proximity, and growth patterns. Using slide scanners, Dr. Pearson showed how the slides are 
processed and the images are normalized or partitioned to streamline analysis. The researchers are looking at 
the most common, actionable mutations and are building a model to detect each of those mutations in several 
cancer subtypes with the goal is to use these tools to identify at-risk individuals before cancerous growths are 
even detectable. 
 
Dr. Pearson also presented a video of the use of a Grundium Ocus®, a microscope slide scanner to access crystal-
clear digital images of samples. Portable and desktop size, this device offers a good return on investment with 
only the technician’s time, the $25,000 device, and the reagents necessary to prepare the slide. The developers 
wondered if they could reduce costs further and deploy the technology around the world to developing 
countries. With open-sourced software and components readily available with a 3D printed microscope adapter, 
the software can be directly imported into a microscope and can be paired with an inexpensive Jetson Orin 
Nano processor, which is a graphics processing unit that can run all the slide flow analytical infrastructure at a 
cost of around $100.  
 
Early Detection of Cancer Using AI and Cell-Free DNA Fragmentomes 
Victor Velculescu, MD, PhD, Johns Hopkins University 
 Dr. Velculescu’s lab currently focuses on identifying genetic alterations in cancer affecting sensitivity and 
resistance to targeted therapies and connecting such changes to key clinical characteristics and novel 
therapeutic approaches. He described their focus on early detection as essential, because despite all the 
innovations and best efforts to treat cancer, cancer rates continue to rise, and the greatest opportunities and 
strides against cancer can be made in early detection. For early detection to work, however, innovation and focus 
on finding early-stage disease is needed as this will have the greatest effect on mortality. For screening to work, a 
public health effort widely accessible to the population regardless of socioeconomic levels is essential. 
 
Dr. Velculescu has developed a next-generation liquid biopsy screening approach called DELFI (DNA evaluation of 
fragments for early interception). The project began at Johns Hopkins around 2019 when they identified the 
fragmentation properties of cfDNA. Whole-genome sequencing of cfDNA revealed a profile of the amount and 
size of these fragments across the genome because of the way the genome is packaged. In cancer cells, this 
profile is completely disorganized. Machine learning has the ability to take advantage of this large amount of 
information to both detect cancer and then ultimately to create an “echo” of the tissue of origin.  
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In one of their studies with a focus on lung cancer, in collaboration with the University of Copenhagen in 2021, 
of 300 individuals screened, there was high performance across all different stages of lung cancer and across all 
different histologic subtypes. The work was effectively validated in a prospective, multi-center case control 
study of nearly 1,000 individuals in a screening population that examined those with or without cancer and  
showed the same dramatic profiles either with or without cancer, as earlier findings. From that study, they 
launched the first validated liquid biopsy test for lung cancer screening, called FirstLook Lung, which is based on 
the science of fragmentomics. DELFI's test essentially applies advanced machine learning technology to whole-
genome sequencing data to compare an individual's cfDNA patterns and characteristics against populations both 
with and without cancer. FirstLook Lung uses these millions of data points to reliably identify individuals who 
may have lung cancer, including early-stage disease. 
 
15 million individuals with a smoking history aged 50 and older in the U.S. are eligible candidates for this test. A 
person with a positive test would be advised to proceed to the usual recommended screening and diagnostic,  
while those with a negative test would be scheduled for  annual follow-up. The key in screening is a high 
negative predictive value, which is the measure of individuals who are called negative thus lacking disease, can 
be safely removed from the usual screening pathway, and can be evaluated again in the following year. With this 
test, the estimates are that thousands of individuals in the U.S. could be detected earlier and potentially reduce 
mortality rates. As such, the DELFI test is beginning to be utilized in several health systems. 
With regard to liver cancer, Dr. Velculescu described their studies focused on high-risk populations. In a study 
conducted with 700 individuals, they saw the same profiles – individuals with cancer have disorganized profiles, 
and individuals without cancer have consistent profiles. The performance of the DELFI test is quite high, across 
all stages of liver cancer. They are continuing their validation studies due to the high interest from many 
countries. 
 
Another cancer they are addressing in their studies is ovarian cancer, a leading cause of death in women 
worldwide and typically detected in advanced stages due to the lack of an effective screening approach. In one 
study, they used the same DELFI approach using AI analysis of cfDNA fragmentomes, enhanced with protein 
biomarkers to evaluate non-invasive detection of ovarian cancer in nearly 600 women with or without ovarian 
cancer. They found that this approach called DELFI-Pro had high performance across stages in the discovery 
cohort and in particular for patients with high grade serous ovarian cancers, the most common form of ovarian 
cancer. The fixed DELFI-Pro approach was evaluated on a population of patients in the validation cohort and had 
similarly high performance, with nearly no false positive, suggesting that DELFI-Pro is a robust method to detect 
ovarian cancer and generalizable across different populations. Their estimate for the positive predictive value 
for DELFI-Pro is 16%. Given the low prevalence of ovarian cancer and the risks of exploratory surgery, a positive 
predictive value greater than 10% could justify population-wide screening for ovarian cancer that balances the 
benefits of early detection against potential harm from unnecessary surgical procedures. These analyses suggest 
that an accessible, high adherence, sensitive, and specific test like DELFI-Pro could enable population-wide 
ovarian cancer screening. 
 
Discussion:  
 
Question: Do you see a day where cancer screenings will be personalized? For example, currently, we ask 
individuals if they smoked, and then screening is personalized depending on their answer. For breast cancer, there 
has been concern that we are not finding early breast cancer but are finding different cancers. Are there plans to 
rigorously look at survival outcomes? 
 
Comment: There has been historical personalized screening, for example lung cancer. However, only 5% of those 
smokers past a certain age are being screened today due to complexities and infrastructure. Having an easy-to-do 
test that’s in the doctor’s office, like a blood test, will increase screening rates, and they will become personalized. 
There are other at-risk populations, like liver cancer affecting those with cirrhosis and gastric cancer in certain parts 
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of the world due to diet. Those with genetic risks, like the BRCA gene, also have personalized screening. It may be 
even more efficient to be looking at the at-risk populations for screening first. It may be the best use of resources 
for screening. It is logical and makes the most sense for payors and regulatory bodies. 
 
Comment: This is a strategy that also makes sense in relation to prostate cancer. Studies are looking at DNA 
shedding with more aggressive tumors. 
 
Comment: Roche’s sister company Genentech is looking to move therapies earlier in the diagnostic stage. The 
challenge is having trials on screening diagnostics that are also cost effective. It requires following patients for 
many years and determining over that long period of time if there are changed outcomes. 
 
Question: We are seeing cancer happening for younger age groups. The question we need to address is how to 
detect these cancers in the younger people. Is this an AI problem, technology problem, or we are not looking at the 
right targets? And second question is would we move faster if all the companies doing this work would work 
together while recognizing that they have different approaches? 
 
Comment: In response to your question about what is the key missing piece, as stated, we know that colorectal 
cancer is affecting people at a younger age. Therefore, we need to address how we can get smarter and identify 
young patients by broadly implementing risk assessments. From a multi-cancer detection standpoint, we don’t 
have anything right now that can be implemented and predict the risk for all cancer. However, the future is risk 
adapted screening. 
 
Comment: There are consortia that we participate in which are avenues for collaboration.  
 
Comment: Academicians, industry, and others all intersect at or with the FDA which is unprepared for the 
advancements in this AI field. 
 
Question: Does FirstLook also work on non-smokers? 
 
Comment: Currently, it has been validated in the high-risk population, age 50 and above with a history of 
smoking. We have a trial with NYU that is looking at Asian nonsmoking women who appear to have a higher rate 
of lung cancer. 
 
Comment: Another issue to ask is who will pay for personalized risk screening or screening of younger 
individuals. The answer is employers, life insurers, and pension funds. They have an incentive to keep their 
employee population healthy. Classic industry may not come together and cooperate, but employers have the 
incentive. 
 
Comment: Cost is important to address. For many years, we did not start certain trials, because they were too 
costly. AI now has the possibility of leveling the playing field and reducing disparities. However, if AI leads to 
very costly tests and innovations, it will increase health disparities in the most vulnerable populations. 
 
Question: Some of the push back is from providers. They express discomfort in knowing how to interpret the 
results, don’t know how to put it into practice, and don’t order a given test as a result. They believe the data but 
don’t know how to overcome the barriers. What can we do to address the obstacles? 
 
Comment: What you are describing is fear which we study on the provider side – the barriers. A more common 
obstacle that we are experiencing is the patient that doesn’t want to know if they have cancer. We refer to this 
as the ostrich syndrome, and we see it on survey data. To address provider concerns, the more support they can 
be offered, the better. Increasing education and awareness are ways to address concerns. The more that we can 
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bring together oncology and primary care in the fight against cancer and improved screening, the more success 
we will see. As primary care providers better understand genomics along with testing processes, they will 
develop more confidence in the testing. 
 
Comment: One of the benefits of focusing on cancers where we know that early detection will save lives (i.e., 
breast, lung, liver, colon) is that there is a clear path for what the provider should recommend after detection. 
This presents a compelling reason to start with these tests. 
 
Comment: The example was given of the significant and often overwhelming number of portals a nurse in 
primary care has to log into. Attention must be given to how this work filters down to the primary care level 
where providers are doing the implementation of screening. 
 
Question: Trust is a concern that needs to be addressed for patients. As rapidly as all these diagnostics are 
coming out, what is the recommendation for providers to start addressing these tests with patients? 
 
Comment: Building trust is a core pillar and must be considered with our studies, our implementation plan, and 
all aspects of our work. It is a slow path to building trust on local levels and with different populations. 
Establishing partnerships and soliciting feedback is critical at all levels, including study design, how to use 
genomic information, and reassuring patients about privacy information. It is key in addressing health disparities 
and broadening access to all innovations and technologies. 
 
Question: AI requires a lot of real-world data that comes from big institutions that typically don’t share their 
data. Without shared data, all these processes will be slowed down. The standard payor model is that if a 
provider doesn’t “follow the rules” then their reimbursement will be reduced. We know that institutions are 
getting a lot of money from the government. Is there a way to encourage the government to require funded 
institutions to make their data available for wider use? 
 
Comment: We acknowledge that we have a complicated system in the U.S. The studies from the Netherlands 
benefited in that national samples from the government were provided. It is a challenge in the U.S.  
 
Comment: Other studies discussed earlier in the day included manual inputting of data in which phone calls 
were made to obtain data from providers regarding diagnoses, treatment, and outcomes. But this is very 
cumbersome, expensive, and not generally scalable. 
 
Comment: Sharing data in clinical programs can often be a violation of privacy. The other problem is that data is 
mostly messy. It takes an incredible amount of time and effort to turn acquired data into useable data. It 
requires a lot of money to mobilize data. It is a big hurdle to overcome. 
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Session 2: Spatial Pathology, Morphological Histology, and Omics 
  
Towards Forecasting Cancer Initiation and Progression: Genomic, Host and Microenvironmental Factors 
Christina Curtis, PhD, Stanford University  
Dr. Curtis first described the current healthcare environment, significantly aided by previous progress in the 
field, such as legislation (e.g., the HITECH Act in 2009, Cures Act in 2016, Cures Act Final Rule in 2021), technology, 
and decreases in the cost for genome sequencing. Also, biobanking efforts are increasing due to government 
funding in the U.S. and patients’ willingness to contribute. However, progress has been bottlenecked by 
incomplete and fragmented longitudinal clinical and molecular data. Indeed, advances in AI/ML are outpacing 
available data. She outlined the challenges and opportunities in precision oncology, including the need for routine 
and robust diagnostics and ‘companion therapeutics’.  She noted that accurate diagnosis and treatment decision 
relies on molecular information and that this information is useful throughout the patient’s disease course as 
tumors are adaptive and evolve. However, patients are seldom profiled at initial diagnosis but instead in the 
metastatic setting, where this information is used to select experimental treatments after prior therapy has 
failed. Hence, this information is obtained far too late in a patient’s clinical journey to achieve maximal impact.  
 
She noted that robust biomarkers will be essential for improving the success rate of clinical trials and maximizing 
patient benefit, while minimizing toxicity. She proposed the term ‘companion therapeutics’, whereby the drug is 
tailored to the biomarker or diagnostic, rather than the current status quo. Curtis stressed that with the 
technological advances that have been made, it is possible to take an anticipatory approach to cancer treatment 
and prevention.  Further, she emphasized that it is possible to learn from patients in real time by harnessing 
routinely available pathology, molecular and clinical data within AI/ML models. Dr. Curtis highlighted the 
potential of such approaches by describing several biomarkers that her team has developed in breast cancer 
based on different molecular measurements, ranging from the genome and transcriptome to the spatial 
proteome. She also touched on biomarker-stratified clinical trials and the value of window-of-opportunity trials 
in early stage disease to understand the mechanism of action of drugs.  
 
Curtis went on to explain her recent work to address outstanding questions in the field, including when and how 
aggressive subtypes of disease are specified, when the immune system starts to recognize such lesions, and the 
role of the germline genome in modulating tumor development and progression.   
She detailed new findings (now published in Science) that demonstrate how hereditary factors and host biology 
influence the subtype of cancer a patient is likely to develop and its aggressiveness through immunoediting. 
Specifically, she found that the levels of germline-derived epitopes in cancer related genes is associated with the 
subtype of disease a patient develops and it’s aggressiveness.   Her team established novel algorithms to 
measure an individuals germine epitope burden, which can be assayed using a non-invasive blood test. These 
findings help to explain the missing heritability of malignancy and have implications for risk stratification as well 
as for cancer interception.  
 
A key takeaway from her lab’s work across diverse tumor types is that a tumor’s malignant and metastatic 
potential can be determined extremely early, such that some tumors are ‘born to be bad’. Critically, these early 
molecular changes can be detected and used to forecast disease progression. She envisions that such an 
approach will pave the way for novel approaches to cancer interception and earlier interventions at a time when 
cure can be achieved. 
 
Spatial Profiling and Machine Learning for Discovery and Diagnosis 
Peter Sorger, PhD, Harvard Medical School  
Dr. Sorger described the two components of cancer precision medicine: 1) treatment with drugs and 2) 
measurement through biomarkers. He indicated that most cancer centers will do whole exome sequencing, 
which is a genomic technique for sequencing all of the protein-coding regions of genes in the genome. But only 
6-8% of diagnoses are through DNA and about 95% of diagnoses are with classical histopathology, the manual 
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process of looking at slides, which is now being digitized with AI. In the last few years, explosive growth has 
happened in the development of high-plex tissue profiling technologies in a research setting.  
  
Dr. Sorger addressed the crossover between discovery technologies and diagnostic technologies, specifically 
molecular diagnostics and integrating spatial imaging and genomic features. Their team has been motivated to 
find realistic techniques that can be billed in a clinical setting.  
  
Dr. Sorger’s lab recently developed a high-resolution diagnostic imaging method that can detect up to 20 
different targets simultaneously. They imaged colorectal cancers and observed that tumors infiltrated by 
immune cells had a better prognosis. By applying machine learning models to the imaging dataset, their team 
identified additional molecular features linked to better or worse outcomes in the cohort. Dr. Sorger’s team 
then asked whether immune infiltration is related to genetic status. Clinical trials have shown that patients who 
are mismatch repair deficient have the best response to immunotherapies. With the study cohort, the molecular 
features were stratified, and indeed, patients deficient for mismatch repair had a better prognosis and tumors 
more likely to be infiltrated by immune cells. However, a subset of patients proficient for mismatch repair, who 
would not generally be considered for immunotherapy, also had a high level of immune infiltration in their 
tumors. Dr. Sorger speculated that this could be a predictive biomarker for identifying patients who could 
benefit from immunotherapy.  
  
A predictive test would make sense in this case rather than a prognostic test. However, there is resistance to 
these processes, because pharmaceutical companies are generally seeking to bring therapies to all patients, due 
to associated costs and revenue, rather than stratifying the therapies most appropriate for each patient. 
Nonetheless, developing diagnostic testing can be optimized by mapping the underlying interactions.  
 
Decoding the Role of the Tumor Microenvironment in Human Lung Cancer 
Kurt Schalper, MD, PhD, Yale School of Medicine  
Dr. Schalper discussed how deciphering the tumor microenvironment is critical to understanding solid tumors 
and to identifying dominant biological features to perform effective diagnosis and treatment, including in early-
stage disease. However, it is difficult to interpret due to its spatial and longitudinal heterogeneity, allowing the 
tumor to adapt and become resistant. Using machine learning models, his work has determined that, by simply 
looking at the shape, density, and position of the nucleus using H&E stained preparations, outcomes of early-
stage lung cancer were predictable. However, the information obtained did not provide more detailed 
information needed about therapy choices though. They are now aiming to collect information that is not only 
diagnostic but also predictive through more detailed molecular and spatial analyses. 
 
As part of the SU2C-American Cancer Society Lung Cancer Dream Team, the lab assembled a cohort of 
baseline/pre-treatment whole tissue section non-small cell lung cancer samples from 210 patients from multiple 
institutions that were analyzed using diverse spatially resolved multiple immunofluorescence panels from which 
they amassed a dataset of about 85 million individual cells. This extensive dataset allowed them to learn which 
features mattered for immunotherapy sensitivity, focusing on the concept of spatial immune heterogeneity 
measured using quadratic entropy index and also that some tumors showed distinct patterns of immune 
exclusion, some were infiltrated, and others never inflamed or immune dessert. Through the classification of the 
tumors using automated analysis of tumor/stromal T-cell positioning and unsupervised clustering and 
calculations, they determined that about 20% of the primary lung cancers were excluded. In recent work, Dr. 
Schalper’s team also reported possible therapeutic targets to revert immune exclusion such as PLA2G10. 
 
Additionally, advanced computational analysis of human non-small cell lung cancer allows detailed interrogation 
of morphological and spatial features with clinical significance. Tumor heterogeneity is dynamic, 
multidimensional, and can be studied systematically in human specimens and through in vitro model systems. 
Dr. Schalper presented data from an in vitro primary tumor explant culture human system allowing short-term 
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longitudinal therapeutic testing with preservation of spatial features. He also presented data about using 3-
dimensional spatial cell/tissue multiplex imaging in these samples and the role of spatial transcriptomics. 
Prominent developments allow deep spatial analysis of intact tumor specimens and integration with molecular 
parameters. Dr. Schalper indicated that a way to accelerate what we are doing in the lab is needed and methods 
to translate the findings into clinical practice is essential. He also pointed out that optimal diagnosis and 
management of early-stage malignancy will require understanding of their dominant molecular drivers and 
heterogeneity. 
 
Discussion:  
 
Question: There are so many ways to acquire data and integrate data, and we know that the tumor 
microenvironment is a very dynamic process and constantly evolving with therapeutics. We have targets with 
immune cells. How can this be integrated, given that there is plasticity and the immune system is smart? How 
should we best integrate all this data and learn from it? 
 
Response: The problem over the years has been that we look for the best next technology. In our group, we have 
generated controls with engineered cell lines, with markers, and we run new data alongside those markers in an 
effort to bridge the data we had previously, with the new data and platforms. Based on current studies, it is 
apparent that the dominant tumor features, such as string oncogenic drivers and immune evasion pathways, are 
less variable over time and within the tumor, supporting their clinical use. We (Curtis) have leveraged and designed 
clinical trials that include repeat tissue biopsies, obtained before and during the course of treatment. This has been 
highly fruitful in understanding dynamic changes in the tumor microenvironment  that reveal novel biomarkers and 
mechanisms of action of a given agent.  Another strategy is to harness deep learning applied to routine clinical 
samples such as H&E stained slides to learn features of the microenvironment. I (Peter) see spatial methods as a 
continuum with 150 years of histopathology. If we revisit classical tumor features and explore them with new 
technology, this will likely reveal greater understanding than before. This approach is powerful although it is still 
early days, and we hope to be able to learn from much larger, representative patient cohorts, both in the context 
of clinical trials and patients seen during routine care. 
 
Response: It is essential to run controls so that data isn’t lost. Dynamics are also key in determining when to make 
measurements.  
 
Response: It is important to view information and discoveries not as brand new but as a continuum that has been 
built on everything that has been discovered and learned over the last several decades. Also it is critical to look 
back at basic immunology and recognize that concepts are built on resolving infection models. This points to a key 
need to understand how tumor cells are recognized and eradicated by the immune system, ans well as the 
mechanisms they use to evade immune destruction.  
 
Question: Recognizing that there is plasticity and change, if the measurements are changing before and after 
treatment, what is the ability to reproduce the data?  
 
Response: With each experiment, we attempt to capture the dominant features that stand out. There is a lot of 
noise, but the dominant features of each tumor prevails and we learn that from the sequencing and longitudinal 
analysis. The drivers seem to be there always, and we look for the emerging patterns. Biological reproducibility is 
good for the dominant features, however, not so good for the sub dominant features. 
 
Response: In trials, when repeat biopsies are taken, they are not necessarily from the same tumor region/lesion.  
Additionally, we often image small areas of the tumor. While such data are incomplete, when we look at shared 
features across patients and find that are associated with responses, this is evidently informative. Hence we can 
find reproducible features that are predictive of patient outcome. Another goal might be to identify features in 
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patients who do not respond, so as to come up with new interventions. These are different goals that will influence 
the approach to study design and data analysis. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



   
 

Page 13 of 21 
 

Session 3: Medical Records and Algorithms 
 
Identifying Cancer Risk Early Using AI on Longitudinal Clinical Records 
Chris Sander, PhD, Harvard Medical School 
Sander addressed the task of catching cancer as early as possible by using AI on real-world clinical records, as 
part of a three-component R&D program of risk prediction, early detection and intervention. He focused on 
pancreatic cancer, which is highly aggressive, typically detected too late, and for which there are no general 
population-wide screening programs. Current screening programs are limited to those with a pronounced family 
history or genetic risk. The challenge is to achieve population-wide screening once more accurate and less 
expensive detection methods become available.  
  
A proposed solution is a stepwise R&D approach in an integrated three-step program:  
(1) development of a population-wide approach to risk assessment, with gradually increasing accuracy and 
scope (2) more effective methods for early detection, ideally using reliable biomarkers from bodily fluids and (3) 
clinical screening and intervention programs in early detection clinics. For step (1), AI models applied to 
longitudinal electronic health records (EHRs) for large populations can be used to identify a relatively small 
group of patients at high risk for this cancer, for whom advanced tests are affordable. Sander reported initial 
results from a retrospective study, from a recent publication, indicating substantially increased risk predicted 
from sequences of disease codes for, e.g., the 1000 patients at highest risk out of a population of 1 million 
patients – without the need for data on family history or germline genetics.  He estimated the initial prediction 
accuracy in the highest risk group of this size at 20%. With appropriate patient counseling and with current 
technology, such as MRI or endoscopic ultrasound, this advance may soon lead to a realistic corresponding 
screening program. 
  
In this context, the value of AI is cutting through noisy data and working to extract predictive information from 
very large data sets. Sander reported on the technical advantage of taking time series of clinical records into 
account explicitly, rather than just a summary list of prior diseases, as well as statistically estimating the 
probability over which time interval after assessment cancer is likely to be diagnosed. This can be used to 
stratify individuals in a surveillance program, e.g., with personalized time intervals between repeat tests. One 
challenge for further development is to obtain access to large EHR datasets from diverse health systems in 
protected compute clouds. Another is using multiple data types and bypassing or reducing inaccuracies resulting 
primarily from billing practice. A third is dealing with or preventing bias and disparities. To bring these findings 
to clinical practice, the team is working on addressing these challenges, starting with increasing the accuracy of 
predicting cancer risk through AI applied to electronic health records by, e.g., including time series of a patient’s 
medications and lab values along with diagnoses codes, as well as data from primary care physicians, if available. 
  
The design surveillance programs should involve careful cost/benefit estimates – optimizing patient benefit 
while keeping costs affordable and ultimately reimbursable. A system-wide economic analysis should assess the 
overall impact on health care costs that would result from early detection and intervention gradually reducing 
complex and expensive treatment of late-stage cancers. Lowering system-wide costs of cancer care would free 
up resources for early risk-detection-intervention programs. 
  
Going forward, the AI methods for risk prediction have to be tightly linked to other progress in a three-step 
program of (1) risk assessment, (2) early detection and (3) clinical intervention. Research is best done in a tightly 
linked collaborative R&D effort and pro-active implementation of clinical surveillance programs with careful 
performance assessment and gradually increasing scope. An international component to a collaborative effort 
would have the dual benefit of diversity of scientific expertise and health systems - and support the desire to 
achieve global impact, taking a page from international efforts for pandemic preparedness. 
  
The team is seeking to identify collaborative partners in a number of health systems, achieving access to local 
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data and computing, and then building a partnership with early detection groups, including those working on 
blood-based biomarker detection methods, and with early detection clinics who can implement realistic 
surveillance programs for those identified as high risk. 
 
Learning How the Immune System Acts on Tumors in Actionable Ways 
Benjamin Greenbaum, PhD, Memorial Sloan Kettering Cancer Center  
Dr. Greenbaum’s presentation focused on antigen-driven adaptive immune recognition of tumors. He indicated 
mutations in cancer can create targets for the immune system. The change can create a protein that potentially 
was not previously recognized by the immune system. His AI models seek to determine if the change is 
meaningful and determine whether the neoantigens are affecting cancer evolution. 
 
He described his work—learning how the immune system acts on tumors—as a hard problem to solve. His lab 
focuses on antigen driven adaptive immune system recognition. As cells divide over a lifetime, they accumulate 
mutations, which can be recognized by the immune system.  
 
Dr. Greenbaum is working to find out which neoantigens are the most fit and potentially the best to go forward 
into a vaccine. With a focus on immunogenicity, Greenbaum’s team was looking at T-cell reactivity. In the lab, 
they ran ELIspot (enzyme-linked immunosorbent) tests to measure T-cell reactivity while simultaneously 
conducting longitudinal T-cell receptor sequencing at multiple timepoints. They were seeking to use machine 
learning to understand the T-cell antigen interaction for the purpose of vaccine analysis.  
 
Dr. Greenbaum went on to explain how data is underpowered for this hard problem. There are mutations created 
by splicing; there are fusions; and classic tumors with expressed proteins, and each of these needs to be sequenced 
correctly. Many things can go wrong, as tumors are plastic. His lab is studying driver gene mutations, because they 
are shared across many tumors. Their hypothesis is that the immune system had made “poor antigens.” They 
concluded from their studies that there are learnable rules of neoantigen prediction and the mechanism should 
inform future models.  
 
RadPath Diagnosis of Prostate Cancer using AI Methods 
Corey Arnold, PhD, University of California, Los Angeles 
Dr. Arnold described the typical prostate cancer diagnostic process as utilizing digital rectal exams, prostate 
specific antigen testing (PSA), and needle biopsies. Some providers may also offer magnetic resonance imaging 
(MRI). When MRI is performed, radiologists identify suspicious lesions that are then targeted during biopsy. 
Without MRI, men receive biopsies that systematically sample the entire prostate. Biopsy is considered to be the 
gold standard, but because it is just a sample from the entire gland, it cannot always capture the true extent of 
disease. Dr. Arnold’s work is focused on whether they can use AI to detect cancer earlier and more accurately. 
  
Using machine learning methods, the team has worked to predict the presence and aggressiveness of cancer 
using MR images. Such algorithms could be used to optimize targeting in prostate biopsies to get a more 
accurate diagnosis of true underlying disease, and could also be used to avoid biopsies altogether in men 
deemed to have no or very low risk prostate cancer based on imaging. 
  
In the arena of digital pathology, the team utilizes high-resolution histology images and machine learning to 
train models that can detect and classify prostate cancer at similar levels of performance to a pathologist. These 
models have the potential to bring more consistency to pathology grading, and to allow for expert level 
pathologic interpretation in locations that lack human experts.  
  
Finally, the team is conducting multi-modal experiments that combine imaging, histology, and clinical 
information to predict prostate cancer outcomes. Specifically, in one use-case, they took deep imaging features 
from radiology and pathology and combined them with clinical data points to train a model to predict surgical 
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upgrading, which is a scenario in which surgical removal of the prostate reveals more aggressive cancer than was 
diagnosed at biopsy. They found that the multi-modal model had superior performance relative to single 
modality models. To enable more powerful multi-modal models, organizations will need to focus on establishing 
large and well-organized datasets that span modalities (e.g., imaging, pathology, clinical, genetics, etc.) to allow 
complementary signals to be integrated into clinical predictors. 
 
Personalized Cancer Care with AI 
Adam Yala, PhD, University of California, Berkeley  
Dr. Yala’s lab is developing tools to personalize cancer screening with AI. As a motivating example, consider the 
large inefficiencies in breast cancer supplemental imaging programs. MRI is a highly effective modality for the 
early detection of breast cancer, significantly reducing the rate of advanced cancers in a recent randomized trial. 
However, under the current NCCN guidelines, over 97% of supplemental screening MRIs will not detect cancer, 
indicating that those patients did not need MRIs. Conversely, only 22% of breast cancer patients will be eligible 
for MRI before their diagnosis, indicating a missed opportunity for 78% of cancer patients. These challenges 
stem from the limitations of the underlying risk models that are used to allocate interventions. AI models can 
better identify a population at risk of developing cancer, and produce the information needed to intervene (i.e. 
recommend an MRI) to diagnose the cancer at an earlier stage. At the same time, they can spare low-risk 
patients from overtreatment. They have developed AI breast cancer risk models by using mammogram data, 
and have shown that their models outperform clinical tools in large-scale international validation studies. They 
have also developed similar models for lung cancer using CT scans.  
 
Moreover, improved policy design tools, that can flexibly adjust screening recommendations based on evolving 
risk profiles will enable more efficient screening strategies for any choice of risk predictor. Dr. Yala introduced a 
reinforcement learning-based framework to design screening guidelines given longitudinal screening data, and 
retrospective estimates of harm and benefit. This broad framework is applicable to broad notions of reward 
design and it enables patients to select their own tradeoffs. The better we understand cancer, the better we can 
determine how to maximize the benefit of screening while minimizing harm. 
 
Going forward, Dr. Yala presented the need for new algorithms to use the information to better understand the 
outcomes with the data already available. There are opportunities to improve predictions by modeling more of 
the inputs and more of the full patient signal. At the same time, there's a lot more room for better policy design 
and more efficient clinical trials. Their key goal is translating this work into clinical practice. Even though some 
people are screened annually, they are not being served well.  
 
The future will be that anyone can go online and determine their own risk and receive tailor screening 
recommendations based on their goals and health risks. So instead of one-size-fits all guidelines, there could be 
websites where individuals have access to an algorithm in which individualized screening and associated 
recommendations could be made. Success will be better modeling leading to improved guidelines.  
 
Automated Clinicogenomic Data Integration Improves Real-World Cancer Outcome Prediction 
Nikolaus Schultz, PhD, Memorial Sloan Kettering Cancer Center  
Dr. Schultz described a goal of using real-world data from cancer patients to advance understanding of tumor 
development, evolution, prognosis, and treatment response.  A wealth of multi-modal patient data is generated as 
part of routine clinical care, but much of the clinical data is unstructured in the form of notes written in electronic 
health records. This data and information has been difficult to integrate and is often not easily accessed by 
researchers and even clinicians. Furthermore, clinical actionability is difficult to track. Dr. Schultz’s lab is designing 
approaches to overcome these challenges. They are designing AI models to extract information from notes in 
medical records. With this data, processes could be scaled and automated.  
  
At Memorial Sloan Kettering Cancer Center, all genomic data from tumor sequencing are available and 
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accessible to each researcher within the institution. They currently have approximately 90,000 patients and 
120,000 samples. Dr. Schultz presented examples of what they are doing with the available large data sets. 
When they mine their data systematically, they find potentially novel biomarkers. Specifically, when they looked 
for genomic events associated with metastasis, they noticed that in lung adenocarcinoma mutations in the gene 
SETD2 were negatively correlated with metastatic events to several organs and associated with better overall 
survival and longer responses to immunotherapy.  
  
They are focused on scaling up their data ecosystem where all the data modalities can be turned into individual 
computable data elements accessible in a centralized data structure and can grow in real time. They also make 
the data accessible through visualization tools such as the cBioPortal for Cancer Genomics so that researchers 
can explore intuitively.  
  
The challenges are that natural language processing models used to enhance electronic health records are not 
easily transferable to other institutions as the models might retain personal health information. However, 
transition to large language models may alleviate this problem. Additional data sources (i.e., radiology images, 
pathology images, patient-reported outcomes) still need to be integrated. He described the need to seek data 
sharing solutions across institutions that increase statistical power. 
 
Considering Data in Context; Building a Data Ecosystem for Impact in Cancer 
Caroline Chung, MD, MSc, University of Texas MD Anderson Cancer Center  
Caroline Chung described a challenge with AI as stemming from the gulf between developing a scientifically sound 
algorithm and its use in any meaningful real-world application. She further indicated that context is the critical 
bridge that realizes the impact and value of applying AI models and data science tools into real-world settings. 
Instead of the traditional lifecycle of AI, which involves identifying data, modeling, training, and validation, Dr. 
Chung suggests starting with the problem or question, which will then drive the type of data to be used in the 
training and validation of the model. She charged the group with thinking about model implementation, looking 
at the operational readiness rather than thinking about driving forward the models. Harmonization of data from 
multiple sources can be difficult and all data is not very useful for all models.  
Dr. Chung also discussed the importance of considering the data and data quality from the beginning of model 
development through each model use. This requires a partnership between the subject matter experts defining 
the question or problem and the data scientists developing the model. Her presentation focused on the need for 
processes, policies, and considerations when building an enabling ecosystem for data science that aligns core 
values of stewardship, protecting data, generating the highest possible quality of data, and making sure it is 
used with appropriate safeguards in place.  
 
Dr. Chung proposed that the term “real world data” is being overused. In the past, it seemed to have meant 
curated, and cleaned data. However, if data is used and reproduced enough times, it presents inherent errors. It 
is essential to be aware of what data is being fed into models. She cautioned that there is also a lot of 
information not included in the electronic health record.  
 
A final consideration she portrayed is the variability of standard of care across hospitals, and even within one 
institution. Variability affects clinical trials and also the data that is generated for AI and subsequent algorithms. 
In building and training meaningful data sets, there may be bias in the cohort selection such as age, ethnicity, 
and other demographics. It is essential to include measurement error bias, availability of data bias, as well as 
differences in practice bias and the use of metadata to reveal such biases. 
 
Discussion:  

Question: When the electronic health data was collected from Denmark, what were the differences in format and 
data quality? 
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Response: There are international standards for coding disease information, the International Classification of 
Diseases (ICD codes), as well as for drug names, International Nonproprietary Names (INN). So AI models trained 
on one health system using these data standards can be applied to another one. However, the quality of ICD code 
data is very diverse – much better in Denmark, which has a national health system, as opposed to the US, where 
data accuracy tends to be affected by billing practices and the fragmentation of the health systems. 
 
Question: How do you determine the importance of using biology or clinical information to delineate important 
features, as opposed to using black box machine learning that tries to look at everything. What is the balance? 
 
Response: In some settings, like breast cancer or lunch cancer, we haven’t used all the data that is available, 
even in a single health system. We are still in uncharted territory regarding what’s possible with black box data. 
With state-of-the-art breast computer vision, the models are based on self-supervised learning. We are learning 
the structure directly from the data. More effective predictive models based on cancer imaging, despite cancer 
imaging being so common, still require substantial work. We have only scratched the surface of what is possible. 
 
Response: Choice of features is generally more effective when there is spase data. For example, longitudinal 
data is often sparse - if we are seeking patients who have at least three follow-ups, the numbers start to drop off 
quickly, which means we face a trade-off between data quality and quantity. 
 
Response: There needs to be awareness of the technical pros and cons of AI tools, and they develop very 
quickly. Cancer is a deep biological problem that has complex processes associated with it. There's a finite 
number of driver chains; there are particular molecular interactions that drive therapeutic responses that are 
very specific. Well-chosen AI methods with sufficient data may be able to deal with these complexities. 
 
Response: Some of the large language models are very powerful. When applied to protein sequences, they work 
well for some purposes – such as structure prediction – but not for other problems, requiring adaptation of the 
models using biological domain knowledge. The art is exploiting the overall power in the particular context of a 
specific prediction or classification problem. Thinking optimistically, if one takes cancer data, either genomics or 
patient records, and does representation learning and maps detailed patient profiles to a lower-dimensional 
encoded space, the analysis is simplified and the representation highly informative. A key challenge is to use 
copious data to build large models, specialized to particular prediction tasks and guided by doman knowledge, 
to achieve better performance. 
 
Question: One of the problems we confront is that the moment the studies have been concluded to prove the 
algorithm works, they become outdated.  
 
Response: This could be resolved with AI because the type of data is not changing. If the same kind of proxy 
models being used is a valid model, it’s a proxy in the first place that can be rerun. Because the model is not an 
intervention, like a drug, if a model is applied to a patient who gets an MRI, for example, then we can still look at 
that sample to see if there is a valid intervention for the model. The vision here is that every trial becomes a 
platform trial, and the number of samples needed to validate model three can be similar to what was needed to 
volicate model one. Over time, the overlap of decisions from prior models can be reused. There is an 
opportunity to have an evidence framework that is radically cheaper because these models are not 
interventions. The model provides decision support to allocate care, and the subsequent chosen care is the 
actual intervention. 
 
Question: How do we begin to think about, as a community, retrospective analysis for clinical outcomes? The 
standard is research clinical trials which are not a retrospective analysis; they are prospective analysis.  
 
Response: The FDA is also starting to look at these synthetic cohorts and control cohorts. Perhaps we need to 
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start to think carefully about the metadata and trying to build up those cohorts thoughtfully which is the 
promise of leveraging retrospective data. 
 
Question: Do you envision AI driving clinical trials? 
 
Response: That’s already happening.  
 
Question: Relative to synthetic generation of data. In my experience, AI never has enough data. What do you 
think about generating the data that we don't have, using models? Do you think that's something that will be 
effective and what would be the impact? 
 
Response: Regarding imaging, there are digital reference objects already. For synthetic data, there is a lot of 
promise already and success in terms of imputing synthetic data with missing data filled in. In terms of 
generating full sets of synthetic data, we don’t yet fully understand all the quantitative nature of the data that 
we've generated so far in the real physical world - so data generation could be problematic, and we need to 
approach it carefully. 
 
Response: From the data that we have, if we try to generate everything, it may not compare to what we already 
have. There are strong theoretical proofs that synthetic data generation is inherently limited, but there are 
opportunities. 
 
Question: It seems that there's a huge opportunity to build much larger data sets with all of the people in this 
room and build a large collaborative data set that could be used by everyone. It's not a challenge from the data 
science perspective. It's perhaps more of a political challenge. How does the industry get there? 
 
Response: On the industry side, some of the politics is that the proprietary data may be what they are trying to 
keep hidden. There seems to be a move in the biotech industry to share models of data and trying to share 
enough metadata to make sense of that data. There are consortia that are being developed across industry to 
facilitate that. The conversations are going in the right political direction. For academia, there are also ongoing 
discussions to try to generate common data elements that we can also collaborate on in a common data model 
that can be used to collect and merge datasets and used in modeling. 
 
Response: There are challenges to overcome. For example, data generators may ask, can we hold on to the data 
but let others use it? The next challenge is building models that others can run on distributed data. The 
academic medical centers and those that deliver clinical care handle some of the most sensitive data internally. 
Researchers using AI often need massive amounts of data for their algorithms which is a barrier. Big tech 
companies have the resources and the methods to tackle these problems, but they may not get the return on 
investment they are seeking compared to other methods of increasing income. 
 
Response: The NIH has funded programs to get groups to collaborate to generate new data sets and some of 
those are well-crafted programs. Accuracy of data is a huge challenge. There are ways of utilizing the training of 
medical professionals, physicians, who typically write fairly accurate clinical notes and there are groups working 
on language models for medical notes to extract higher quality data items. Finally, there are many wearable 
devices, and new ones in the pipeline, that will report measurements on the human body that go way beyond 
what we currently have and that are very well suited for AI prediction models, both of cancer risk, or cancer 
prognosis, of response to therapy, or even choice of therapy. 
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Discussion Groups 
The attendees transitioned into discussion groups to address the questions posed for the day in the context of 
the session topics. Summarized comments from the groups included the following: 
 

1. What do we have today, what do we need for tomorrow, and how can we get there? 
a. Today: What do we have? 

i. Tools that work on archival samples can be a huge opportunity for learning. 
ii. Genetic databases linked to clinical outcomes 

iii. Not enough data or sharing 
iv. Not enough patient engagement in treatment decisions 
v. A limited number of therapies benefiting patients and not enough information for all 

cancers to know what therapies have potential benefit for each patient individually. 
vi. Ignored clinical specimen workflows 

b. Tomorrow: What should we work towards? 
i. The ability to integrate information using the right platforms and implementation 
ii. Minority representation, disparities reduction, cost limitation 

iii. Expansion and affordability to allow for greater usage 
iv. Well-served patients through exceptional awareness and navigation 
v. Digital diagnostics that are cross modalities, explicitly looking at how to sequence 

diagnostics for a risk model 
vi. Products created from AI results coupled with medical practice, addressing consumer 

needs and delivered to patients more quickly  
1. More therapies, patient advocacy and navigation, scaling system, and lab work, 

all with AI contributing 
vii. Tools that identify what makes the cancer unique 
viii. Reformation of the US healthcare system, looking to other countries for best practices 

and refining codes, plus Epic opensource 
ix. Uniform image management system, data system, CLIA based lab to imaging to cloud 

c. How can we get there? 
i. Systems level change across cancer centers, leveraging skills of each site to develop a 

working nationwide system 
1. Data managers within institutions 
2. Deploy trainees to gather data and share 
3. Permit direct patient sharing of their records 
4. AI adaptation to clinical workflows 
5. Refine how to select the tissue for biopsy and when blood draw should happen 

ii. Need clear definitions to enable harmonization of data and sharing across institutions 
1. Is it classified as samples or data? 
2. Align incentives to encourage institutions to share large data sets 
3. Potentially mandate trials upload data  
4. Improved data entry, harmonization, interpretation, security, and sharing 
5. More data: Whole exosome, RNAseq, access to imaging records 
6. Bridge clinical and non-clinical data and sharing  
7. Permissive MTA allowing for sharing samples is needed along with consent 

permitting universal distribution of samples. 
iii. Financial issues need to be worked out. 

1. Funding for development 
2. Cost of testing 
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3. Involvement of employers and life insurance companies 
4. Expertise from healthcare economists 

iv. Changes in clinical trials 
1. The most relevant data is in Phase III trials which are company-controlled 

samples. May need to mandate accessibility to certain data to launch a clinical 
trial. 

2. Trials that incorporate fairness, consult with patients and physicians, advocate 
groups, build AI into clinical trial. Pilot trials using AI models, SU2C facilitate 
interactions for ethical and fair models. Incorporate ethical AI into all teams 
(perhaps include Hastings Center).  

v. Large partnerships 
1. Nationwide clinically for all patients’ benefit 
2. With large data software companies in what can be done with the data they 

have to advance cancer care 
vi. Area of development between MCED to imaging to biopsy. H&E slide – how to digitize. 

No one has tried to apply what cells and states information can be extracted from H&E 
slides. What is molecular in an existing annotation? 

 
2. How will AI become a practical activity in early detection for relapse and new disease? 

a. Risk stratification 
b. Longitudinal samples along with follow up and supportive monitoring 
c. Using larger health systems (Kaiser, VA, CERNA) and their specimens/biobanks 
d. We need models, especially affordable ones and those for data sharing with not all PHI 

scrubbed. 
e. Insurance coverage for tests/scans 
f. Development of wearable devices coupled with non- or minimally invasive early detection tests 
 

3. Where should SU2C make our investment? 
a. Infrastructure for harmonizing data set, storage, and computing; perhaps access to commercial 

data sources with a central license 
b. Automated abstraction 
c. Federated models – novel data collaboratives 
d. Training 
e. Multidisciplinary, multi-institutional teams, perhaps around a specific question in breast or lung 

cancer 
f. Sustainability 
g. Early cancer – gathering more data 

i. Consider relationships with organizations navigating patients who can pay for their 
testing and treatment for those patients to share their data 

h. Awareness efforts 
i. Encourage patients to share their data where they and clinicians would benefit from an 

earlier set of AI generated outputs 
ii. Be a trusted source regarding health data and its use 

Following the group discussions, representatives from each group provided key takeways which in combination 
included: (1) the need for infrastructure, (2) the need for methods of data collection and sharing among 
clinicians, researchers, and companies, (3) the need for appropriate platforms for the multiple types of data, (4) 
who and how to bear the financial costs for computing and testing, and (5) the future of wearable technology.   



   
 

Page 21 of 21 
 

Fireside Chat: Early Detection 
Julian Adams and Bruce Ratner 
Bruce Ratner shared stories of several family members and dear friends who were touched by cancer and served 
as the motivation to write his book Early Detection: Catching Cancer When It’s Curable while further exploring 
what is happening in the field of early cancer detection. Bruce Ratner’s brother, Michael, died of metastatic 
cancer which led to his work promoting the importance of early detection. He discovered through his 
exploration of what is happening in the field of cancer that a large percentage of resources are devoted to 
treating cancer in its late stages. During this chat, he described his obsession with the importance of screening.  
 
He described his passion and inspiration to make a difference in preventing cancer and detecting it early. The 
book cites scientific experts and focuses on challenges and barriers in our health system preventing widespread 
screening, especially in communities that are underserved, often un- or under-insured individuals who are 
experiencing healthcare disparities in screening and treatment. 
 
The Innovation Summit concluded with extensive learning between scientists, medical providers, and 
researchers who are committed to increasing early screening and diagnostics for all types of cancer. There was a 
shared commitment to identify the newest innovations in AI and translate them to clinical practice, prevention, 
and care opportunities for individuals around the world. 


