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Episode 69: Building Al Based Healthcare Solutions with Rachel Witalec

Elizabeth Ames (02:15):

Rachel, welcome to the Women in Product podcast. It's really great to have you here.

Rachel Witalec (02:51):

Thanks for having me.

Elizabeth Ames (02:53):

| want to start our conversation talking about your career a little bit here. So tell about your product
management career and what have been those pivotal moments in that career for you?

Rachel Witalec (03:06):

So | feel really grateful because | sort of fell into product management as many of us probably do. But |
left Google in 2013 to go to business school. And during my time at Google, | had started in sales and
was able to navigate into the product organization. And | actually left Google thinking, | don't want to be
a pm. | didn't like how it looked in a bigger company, and | just didn't feel like it was my vibe. And after
business school, | ended up joining a startup in an international strategy role. And so | was quite cross-
functional, working with marketing, working with our growth team, working with our product and
engineering team. And at the time there were a few product managers that had left the organization
and the company was about to go through a pretty significant rewrite. The infrastructure was over 10
years old and we really weren't able to ship new features at the speed at which we needed to win in the
market.

And so | was actually tapped by the VP of engineering to say, because he said, can you move over here
and help? We really need to move forward. And so | moved from that business strategy role into a PM
role, and it was a ton of fun. And it's just the multidimensional hard decisions that you go through with a
rewrite. It was the teamwork spirit of really trying to accomplish something hard in a short amount of
time. It was the servant leader data analysis mixed with customer engagement, mixed with strategy and
tech and design. And | just absolutely loved it. | felt like it had helped me just hit all of the spots in which
made me tick. And so that was really, really, really pivotal where I'd say | fell in love with what a product
manager could be and look like really in an empowered teamwork collaborative culture.

And so that was, | would say the first pivotal moment. And then the second one was when | had actually
left that startup and was recruited by one of those engineering leaders again to join healthcare. And |
would say that's the second pivotal moment because it taught me how | could apply the skills that | had
learned in tech into a very different and very unique and special industry. And so moving into a product
leader role as the first product leader at a company started by physicians in Healthcare was | would say
the second moment where | really realized what an empowered product leader can do to embrace
technology and really move an industry forward. And so | would say the second pivotal moment.

Elizabeth Ames (05:39):

Yeah, that's a great one. | mean | think it's, you touch on something that is happening a lot these days,
which is people who have worked in tech taking those skills and applying them in other industries and
really seeing what a big difference it can make, which is always a very motivating thing. It's like, that was
fun. That was good.
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Rachel Witalec 06:02):

Definitely more should do it.

Elizabeth Ames (06:04):

Yeah. So the, you've worked in a variety of industries, but the last five and a half years it's really
healthcare related fields, right? And focused on using ai. So can you talk generally about the applications
of Al in healthcare that you've been involved in at least?

Rachel Witalec (06:28):

Sure, sure. So | joined a company called Rapid ai, which is the largest Al imaging company in the world.
So they are installed in the systems of over 23, 24, probably a hundred hospitals around the world. And
they're really the gold standard for algorithm analysis on imaging. They're the market leader in that
space and really a company who started in a very academic way and had to change and navigate and
find its way and really embrace tech. It was a clinical academic company that really had to think about
how to evolve with technology. And so | joined as the first product leader to help them figure out what's
next and why. And they had these two physicians had really spent a decade or more trying to figure out
how do we make sure that a patient who shows up into an emergency room that may have had a stroke
doesn't get the typical status quo, which is, well, when did you last see grandma or your mother?

Well, and if that answer was over six hours, it was a shrug of the shoulders, there's not much that we
could do. And so they developed this software that looks at a CT or MR Scan and would be able to
actually quantify what's going on in the brain. And so on one side of the result that we spit out was pink,
which indicated that was brain tissue compromised from the stroke and it was dead. When brain tissue
dies, it's dead. It cannot be regenerated, which is why strokes are such terrible things to have. And on
the other side of the image was green brain, and that indicated how much of the brain tissue was at risk,
but salvageable. And so it was the first time that there was a quantitative measure in neuro to say, if you
remove this clot, you can give back X brain tissue, 50 mls.

And so | joined a few months after that first clearance really to figure out, well, what do we do next?
And Y, we were really a first single stroke module company, and over those five years, learned how to
apply Al to do more advanced sort of clearances and really build the company out to be a multi disease
platform company. And so that was a very rewarding journey to spend five years doing because the
space had changed, Al had really come to market in a meaningful way, and we were really at the
forefront of demonstrating how Al could be applied to continue to quantify, characterize, localize what's
going on in the brain and other areas of the body in a way that a physician could look at it and say, |
would've never known that and I'm going to make a different decision as a result of that.

Elizabeth Ames (08:56):

Wow, that's pretty dramatic right there. That's a very specific example | would say, but maybe you can
speak to the state of applying Al to healthcare overall. Is it still really early stages? Is it very variable
depending on the particular practice area or what does it look like?

Rachel Witalec (09:23):

Yeah, | mean, | would say imaging is the most advanced in healthcare overall. And from the standpoint
of there are over last time | checked over a hundred, 150 algorithms, most of which now are Al
algorithms applied to analyzing different types of medical imaging. There's a very clear FDA pathway,
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and it's not hard now to actually build an algorithm, an Al algorithm with if you have a data set of 200
patients. And so imaging, | would say is the most advanced across healthcare. I'd say the rest of
healthcare is definitely catching up and we're in this weird moment of buzzy and is it real and how can |
apply it? And so this desire now from what | see with various stakeholders, whether it's providers and
physicians or it's payers, trying to figure out, well, how do | apply this in a meaningful way? Because the
workflow for healthcare is different and requires lots of different people.

And so what can you actually do? And there's now really tangible areas where Al is being applied to
change the workflow and impact the economics. So one very common one right now is ambient
healthcare. And what that means is there's a device, we have our Zoom Al recording that's listening. It's
listening to the physician's conversation with the patient and then summarizing the notes, the diagnosis,
the takeaway, and suggesting, Hey, this is what you should put in the medical record. And that's
meaningful because you have physicians who spend hours at the end of each day typing up notes and
they don't love that. And so you're starting to see really tangible, meaningful use cases like that where
it's going after a really big problem, physician burnout, and it's able to quantitatively cut out time and
give that time back, which of course is good for the economics because then an administrator says, oh,
you can see more patients.

And so you're starting to see, | would say these very tactical, practical workflows come to life. But it's
very much evolving. And | would say the buzzy areas are still around, oh, well, Al can diagnose anything.
It's better than a physician. And that is still, | think, a long ways away. But so | would say imaging is the
furthest along a lot of workflow type, automated workflow type scenarios are now coming to light and
being proven out with studies and the more advanced clinical stuff, | think still has a bit of a ways to go.

Elizabeth Ames (11:56):

So one thing that is very different about the space that you're in right now is it's regulated, and you sort
of touched on this earlier relative to approval for algorithms for imaging, but can you talk about working
on Al implementations in a regulated environment?

Rachel Witalec (12:21):

Yeah, yeah. And I'll say, so | see Al being applied to both regulated in a regulated way in a imaging, most
of my experiences, and it's in a regulated way. And most people try to avoid the regulation for good
reason. It's complex and you need to know how to think about it and deal with it. And it is a barrier of
course, to getting products out in imaging. It's really around trying to figure out how do you validate
something and how do you make sure it's accurate? And so in imaging you have basically different tiers
of algorithms. Some are just triage algorithms, which means you look at a scan and you say, Hey, do |
think | see a disease here? But you're not going to point it out, you're not going to mark it up, you're not
going to quantify it. You just say, Hey, there's a fire, there's something that you should look at, but you
go find it.

Then there are more advanced and higher classifications of regulation where you can name the disease,
you can name features of a disease, you can quantify mark things up, put an X on it, shade in where you
see maybe blood on the brain with a different color. And those are much higher classifications, which
means different types of ways that you need to validate that either with human readers or different
accuracy measures that you need to use. And they take longer and there are fewer of them. So the
company | was at, we had the most advanced neurovascular clearance in the space. We could actually
quantify and mark up the images that we saw, but that's still rare these days.
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Elizabeth Ames (13:57):

Yeah, interesting. You think about it and it's like, okay, it's an obstacle, but maybe a good obstacle.

Rachel Witalec (14:07):

| think in healthcare you're dealing, you have to remember that you're dealing with people who are
making life and death decisions. And so that has to be with great power comes great responsibility as
Superman or someone else said, and that's real. And so it is an important barrier, and I've seen instances
where the Al is wrong and everyone thinks the Al is perfect, but when you have an ED physician that
tells your mother that she had a hemorrhage when the algorithm was wrong and she doesn't have a
hemorrhage, you can imagine the situation that unfolds there in the emergency room, a panic and
concern across that patient and the family and then an ED physician that has to come back and say, oh
no, you don't have a hemorrhage, you have this. And so it's there for good protection reasons, but | will
say the FDA has a ton over the past five, seven years around how to lean in and they've created task
forces and tried to adapt the way that you can clear things or retrain algorithms as it learns and does a
better job. And so there's a lot of evolution there to do that in a safe way.

Elizabeth Ames (15:08):

Yeah, that's fascinating. You just opened the door on things that we don't normally see, so it's nice to
know. So what are some of the best practices for someone to develop products using ai? What are the
things that you think of when you are working on these types of things?

Rachel Witalec (15:31):

And I'll speak this is very much from a healthcare lens. | would say someone who is in consumer would
have very different ways in which they have to think. So putting that caveat in context out there, | think
in healthcare, one of the first dimensions you really need to think about is the impact. And a lot of times
it's the economic impact because hospitals, if they're your buyer, they are in a unique situation where
they're very, very economic and ROl focused right now. And so that's a reality of thinking about how
your Al gets deployed and used and operationalized is to think about can it have a step change impact
on the economics? And with healthcare, you always have to figure out what does that look like to make
sure that you can have it thrive. I'd say the next thing in healthcare is that you really just need to be
practical.

Practical, and you need to think about, Al is really a clinical intelligence tool. It is not there to replace
physicians, but it's like a really good resident that is always there and in my pocket and can show me
things that maybe | forgot about or | didn't know, et cetera. And so practicality in this sense means, well,
what are you trying to achieve? Are you trying to help that physician see something they didn't see? Are
you trying to help that physician do something faster? Something that would've taken 15 minutes to
take 30 seconds and really what are you trying to beat and what are you trying to replace? And so
understanding the physician, the decisions that they make, the workflow, all of that is really important
to figure out where can Al actually make a meaningful impact. And then | would say the last, one of the
next components is what's good enough and good enough is from the sense of, well, is it good enough
that they'll use it every day and rely on it and trust it?

And is it good enough that if it's wrong, what are the consequences of it being wrong? And so different
physicians will think about that differently. You might have a radiologist that always has to read an
image, and so if you throw a false positive at them, they're annoyed but not very annoyed because they
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had to read that image anyways. They would much prefer a false positive than missing something. And
so you have to really put yourself in the shoes of the user to think about what is that Al really trying to
get them to do better, to do cheaper, to do more intelligently, and really think about it from that angle
because they won't buy it just because it's exciting and it needs to make a real difference in their lives.
And they're tough customers because of that.

Elizabeth Ames (18:05):

That's great. So given that background, how does your team approach the process of deciding the right
use cases to be developed, and what's your role in that decision making?

Rachel Witalec (18:19):

So a lot of what we would think about is drawing out the workflow and figuring out what's hard, what's
difficult, where is it painful to do, where is there a lot of variability across the different hospitals that we
see? Because that helped us show the opportunity of where Al could add value, Al either being better or
sometimes just getting everyone at the same level. And so we would spend a lot of time actually
mapping out, well, physician, what do you think about when a patient with a stroke comes into your
emergency room? What are the questions you ask? What's the information you look at? Where do you
get that information from after you make this decision? What's the next decision you need to make?
And so we would spend a lot of time interviewing physicians to actually map out that workflow and then
take a step back and think, well, where can we help?

Is Al the right approach or is it conventional algorithm the right approach? And so in some instances,
maybe the Al can pick up a really small bleed in the brain better than the naked eye. And so that's a
really good application because they miss the small ones. And so helping them understand, well, where
do you miss things? How do you miss them? How do you know then later that this is a small bleed is
really helpful to unpack that there's the opportunity there. We also look for situations where it can be
more consistent. So you and | might look at an image if we were trained neuroradiologist and see
different things and there's variability there. So how can Al be an equalizer and really democratize and
make sure that we're all seeing the same things together? And so is the point of it to really raise you
from a non-expert to an expert or make an ED physician the equivalent of a rad. And then of course, you
look at where you can do things faster and save time in the workflow, either it's hard to get or it's time
consuming to get. And so those are really the areas how we thought about mapping out the workflow
and thinking about where we could add value in physician decision-making, and then how we thought
about the different ways in which we could add value.

Elizabeth Ames(20:20):

Fascinating, | mean in some ways it's standard business stuff and in some ways it's totally different than
that kind of runs the gamut, if you will.

Rachel Witalec (20:33):

And it's interesting, this is where the promise of ai, | had one radiologist and she said to me, | want you
to get rid of all the normals in my queue, so all patients who don't have anything. And on one hand
people are like, oh yeah, Al can do that. You just feed a ton of data into a large link liquid model and you
get rid of it. And then | think about, well, how would | validate that? How would | clear that | need data
for every disease and patients across different scanners and different nationalities and different
genders? And this is, | think sometimes where | see the disconnect of what | would hear from physicians
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of, oh, Al should be able to solve that better and solve this meaningful problem then, but how do we
make sure we can do that in a safe way? And that actually is when | think about that and unpack that of
how | would get that algorithm validated and in the market in a safe way, there's a massive disconnect
between those two things.

Elizabeth Ames (21:23):

Yeah, so it does kind of beg the question of how does decision making change for Al products in
comparison to ones that don't use ai? | mean, you're talking about looking at where it's really going to
make a difference and where maybe not so much, or maybe it's just too complicated in some way at this
point in time. How do you make those decisions?

Rachel Witalec (21:50):

Yeah, | mean, a lot of times we thought about speed to market as you typically would, and sometimes
the conventional Al approach to get that cleared is different than the Al approach, just it was new and
the FDA was taking a longer time. And so we thought about, okay, well can it perform better? Is it good
enough? And which approach do we want to start with to at least get something in the hands of our
customers? And then maybe we retrain and we build it on a different type of model later. And we would
do, actually, a lot of our algorithms were a combination of conventional and Al where the conventional
would be really good at stripping away the skull, the Al would be good at segmentation and 3D
reconstructions. And so we would often do a combination of those two things. And then the other thing
that we would think a lot about of decision-making is just the training aspect of how do we make sure
that we can let our physicians know how it works so it doesn't feel like a black box?

Because that became a significant concern when we moved from the early adopter to the mass adopter
market. There's a lot of metrics that you can use to analyze the performance of ai, and that takes a lot of
learning to wrap your head around that and what does that actually mean for me and what does that
mean and for how | can trust it and how | should perceive it and what biases | know that that algorithm
might have to make sure that me as the physician who really is taking on the risk trusts it and can use it
in a safe way as a safe tool.

Elizabeth Ames (23:19):

That is a really fascinating area. | mean, can you talk a little bit more about that, about what did you do?
Because | would imagine that physicians, when you first introduced this are a little skeptical, but how do
| know it's right? And because I'm going to make decisions here that are life and death decisions or have
significant impact to the quality of the outcome. So how do you train them and take them through that?
I mean, in the broad market today, you see this pop up all the time. People find something on chat, GPT
or whatever, and they get the wrong answer, but they run with the wrong answer. | recently saw
something where a teacher was saying that a kid came in and all of this had these facts that they had
looked up on chat gt pt, and they were wrong. She was trying to say to him like, no, no, but that's
wrong. And the kid was like, but it's ai. They know what they're doing, right? The reverse in a way. Could
you elaborate on that? What did you do with them?

Rachel Witalec (24:31):

Yeah, | mean, one area where we focused, and | think a physician said this to me is focus on areas where
there's medical liability and lawsuits. Where are there a lot of lawsuits? Because you know that in those
areas people are getting it wrong, and so that's where you can demonstrate value. And so that was a
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really interesting insight of, okay, well, where are we seeing a lot of medical lawsuits? Because you have
then a physician that says, | don't want to be wrong. | need help. Clearly we are often wrong, and it
provided economic incentive for the hospital because sometimes these are several multimillion dollar
lawsuits. So that was an important insight for us to kind of prove out how Al can add value and be
better. And then the second way is once again, unpacking with that hospital, well, how do you work?

And to figure out can that Al help? And one example is you can develop an Al algorithm that looks for a
bleed in the brain. A really good expert radiologist can do that in 10 seconds. And so if you go to let's say
Stanford and you say, Hey, you need this algorithm, and they're like, | can do that in five seconds, and |
have a radiologist on staff 24 7, so no, this does not help me at all. Then you can go to a rural hospital in
up north Michigan who doesn't have a 24/7 radiologist on staff, and you say to them, we can pick up any
bleeds in the brain within 30 seconds. And they're like, wow, sometimes those sit in a queue for 30
minutes and those can be a lawsuit or liability or we don't know what to do with those patients. And so
it is really starting to figure out, well, who can this help based on how things work?

| would say another area that we thought about it is in what we had an algorithm for cerebral
aneurysms. So in your brain you have vessels and those vessels can balloon out a bit and they can burst.
And when they burst, it's a hemorrhagic stroke and that has a 40 to 50% mortality rate. And we would
have physicians and we actually had expert physicians. And if you have one of these, hopefully it's
diagnosed, and then you're watched. And so go back to your neurosurgeon and you get a scan every
year or every two years, and they compare, well, where was it two years ago versus now? And we
actually saw instances where the Al could pick up subtle changes better because these radiologists were
reading off of a 2D image, we could create a 3D image with quantitative metrics. And so when you're
now making a comparison against that level, that different dimension, that step change of information,
you can see subtle things you didn't see before.

And we actually were lucky enough to get a physician to share cases of patients who didn't make it to
their follow-up appointment because they had a hemorrhagic stroke and unfortunately passed. And we
were able to show you, look how we can catch up the subtle changes better than the naked eye, better
than even the experts. And so you have to find those two instances of how do you really prove the
market that Al can help? And that aneurysm one was really big one for us. That was quite a splash
because even experts were like, oh yeah, it's hard. I'm drawing on a 2D image and | draw differently
than you draw. And so how do you then capture the subtlety? But when you have something that's 3D,
you can rotate, it's quantitative, it's much, much easier to see that. And so you have to know the
market, know things well enough to figure out what are those opportunities. And then when you have
something like that, physicians are much more comfortable to use it in other areas as well.

Elizabeth Ames (28:06):

So to kind of dive down a little deeper on this stuff or related stuff here in the business world or in
general, they're a product and there are business metrics that product managers track. How does that
change with ai and are there additional metrics or do you track completely different ones? How do you
handle that?

Rachel Witalec (28:34):

Sure. So each of our algorithms were cleared in different ways using the ai. And so they would each have
different types of metrics that we would look at. So if you were looking at maybe the accuracy of your
ability to detect a certain pathology or disease, we would use sensitivity and specificity. How good are
you at tracking true positives and true negatives? And then we would also look at positive predicted
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value and accuracy rates. And so those were really standard metrics that we would talk about with each
of our algorithms to demonstrate how good we were at picking up the true disease or missing it.

You would also use dice scores if you're looking at segmentation accuracy, YOLO scores as well. And
then for anything where we localized or highlighted the disease or maybe for that blood and the brain
example, it's all around the brain, you're kind of coloring it in a lot of those, we would compare against
human readers, expert readers, and we would say we were X percent better or we're able to catch 25%
more than expert. And so it really depended on what is the algorithm trying to do, and then how do you
basically demonstrate the validity accuracy based on what it's trying to do?

Elizabeth Ames (29:51):

Yeah. Are there any frameworks, tools that you could share that you found to be successful in the work
that you're doing with ai?

Rachel Witalec (30:02):

| would say | haven't found a particular framework that makes sense. | think at the end of the day, it's
still product Al is just another way to think about providing value to customers in the business and
deploying a new type of technology in a way to do that significantly better and in a more viable way.
There are a lot of things that we did think about very differently though, and some of those are, as I've
mentioned, well, what is true success? How do | actually add value that leads into what sort of data sets
do | need to train the algorithm? Are you trying to automate a task and is it sort of binary or are you
trying to influence a task? And to what extent do you need to be integrated or have a human in the
loop? | think with a lot of, especially regulated ai, humans are in the loop.

And so that made me think differently about what was good enough and how to bring them in to not
add noise to their life, but really make sure that the Al is aiding them what is good enough, as we talked
about before, and good enough might mean you can reduce my workload by 30%, or good enough
might be that | don't have to read those normals anymore, or you capture things that | missed. And that
is funny because different to different people, what are the risks if you're wrong? We had to think about
that a lot. In particular in healthcare, is it regulated would change the way that you might think about it
or think about the path to market? Do you need to pair Al with other information, whether that's visual
information, whether that is EMR information. And so we would think a lot about can the Al alone help
you or does that need to pull in and be complimented by other multimodal information? And then we
once again would think about ai. Is Al better than a conventional approach? And in some instances for
our algorithms, we had just had so much expertise built into them that our conventional algorithms
were better at doing certain things than some of our Al algorithms. Not to say that they won't get
better, but at that point they weren't. Yeah.

Elizabeth Ames (32:07):

So through all of this, what kinds of ethical issues did you face and how did you look at addressing those
in the system?

Rachel Witalec (32:18):

Sure. | think the biggest one is the who's responsible. That would come up a lot. And Al is a tool for a
physician, but the physician makes the call, which is why the physician buy-in. And awareness of how it's
working and what biases it has became really important as we were talking to the mass market. So the
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who's responsible, who's liable was a big question that would often come up. | think the data
component of Al is very, very, very difficult in particular in a regulated environment. One, how do | get
really good traceable data? Who owns it? Who is the right to that? Who can | buy that from? Should |
buy it? Can | get it through a study? How do | make sure | have a diverse set of sources and diverse types
of data to cover things? | can't cover everything, but what makes sense for me to cover?

For example, with our pulmonary embolism algorithms, many of those patients might have COPD. And
so how many COPD cases do | need to make sure my pulmonary embolism algorithm is correct and
accurate? And then the other component of data is really the policy and provenance component of that,
of managing it and making sure that you've got blinded data that's sent to your Al team so that they're
really testing it in a true representative way. | think the consent in some of those ambient Al cases,
you're in the room with your primary doc physician should they tell you that it's being recorded. | think
that's an interesting question, just like Zoom does, Hey, this is being recorded. When you walk into that
room with them and they're using one of those device, the consent is going to become a really
interesting topic with some ethical considerations. PHI management, the disclaimers and labeling you
have to think about with your algorithms would bring up a lot of ethical issues. How do you let them
know what the biases are? But in some instances, you don't really know all of those, and so it's a little
bit hard. And then lastly, it's not perfect and people expect it to be perfect. What are the consequences
if it's wrong? And how do you think through the education, the training, the contracts to really make
sure everyone's clear on that?

Elizabeth Ames (34:25):

Yeah, | think that's a really interesting one because you certainly see that come up in the public eye
relative to driverless cars. Do they have to be perfect? How much better than humans do they have to
be for us to say, well, it's better,

Rachel Witalec (34:47):
And what does better mean? It might be different. What

Elizabeth Ames (34:49):

Does better mean?

Rachel Witalec (34:51):

And then it's different to different people, which makes it hard and interested in to navigate.

Elizabeth Ames (34:57):

So with that sort of big picture perspective, what are the pitfalls and considerations that you have to
make while building Al products? | mean, | think you've touched on some of this, but maybe you like to
try and summarize it a little or add few other things on here.

Rachel Witalec (35:18):

So data is one good biased quality representative data that you can manage and in the way that you
need to be ethical. The clearance pathway is a consideration. You need to have a really good
relationship with your regulatory team and really your clinical and regulatory team together. And we
would have pretty healthy discussions getting all of those people in a room with different points of view.
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I'd say the willingness to pay in business model is a big one. I'm seeing evolve. How do you make a case
of how Al can add value in a way that a hospital administrator says it's worth $250,000 for the year? And
that argument is changing depending on different types of Al and what it can do.

The performance and risk and accuracy, | would say is a consideration of how am | demonstrating it's
better? What sort of clinical evidence do | need to prove it out? And then the operations of just
education and training and adoptions are things that you need to think about from the beginning as
you're interviewing those physicians around, well, how do they think and how do they make decisions?
And you're using that to put together your training playbook with your sales enablement team, so it's
very clear to them on where to apply it and how to think about what it can do for them.

Elizabeth Ames (36:39):

And this is highly related and maybe reflected in some of the things that you've just said, but what are
some of the risks that you see while building Al products and how do you mitigate them?

Rachel Witalec (36:51):

Yeah, the risk with the data is you don't have enough to actually prove it out or you try to get too much
that you're never going to get a product to market. | had say, navigating still new clearance pathways if
it's regulated. And then the bias of the algorithms is the one that I'm seeing a continued focus on just
getting more and more type of data. And that could be a never ending cycle, but it's a real consideration
and risk for you to make sure that your algorithm can perform as expected in the right circumstances,
and it's not used in the wrong way or it's used in the right way to say it differently. And then the risk, the
safety of it. And how do you think about, once again, the disclaimers of how physicians understand how
to use it.

Elizabeth Ames (37:44):

So we're going to shift gears just a little bit here, but who are your key collaborators in building Al
products?

Rachel Witalec (37:54):

It's of course your data science machine learning scientists and engineering team for us at Rapid in
healthcare, a lot of clinical and regulatory. We were lucky enough to often have clinicians in the room
who both could help us, were visionary enough to help us figure out how to think about Al in the right
way, but then also practical enough to reign us back and say, you can't diagnose that because there's 20
other things | have to roll out, and unless you're able to get data for those 20 other things, you're not
going to be able to help me. And so clinicians and regulatory are massive, massive counterparts you
need to have in the room. And what's hard about a product leader is you don't know those spaces. You
don't know those diseases well. And so you really have to check your ego at the door and realize that
sometimes your job is just the quarterback or the facilitator or the vehicle, but you're actually not the
decision maker in some of those instances. And | would say the last group that you often wouldn't see in
a consumer company is just the clinical study or research teams because they are really there to support
you on building the evidence and the research to prove out why this Al helps. And so they should be in
the room helping you think through the study that you would want to do, the physicians that you would
want to choose to make sure that you can commercialize it and talk about it.

Elizabeth Ames (39:19):
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Yeah, it seems like you need to involve a lot of people that come into play downstream a lot earlier
because you have to be thinking about those things that they're going to test for or that they're going to
need early on in the process.

Rachel Witalec (39:38):

And a lot of these things, these studies can take years, and so you really need to get going early.
Otherwise if you just engage them at the end, then they're trying to find doctors to, you're delaying your
time to market in a meaningful way sometimes by a year or easily even more so. Absolutely.

Elizabeth Ames (39:58):

Yeah, it's like | want to kind of probe in this area a little bit more, but | know that it's in many ways,
probably very specific to this market, but how this collaboration takes place and how when to make sure
you're bringing different people in and getting the right stakeholders in the room when you run up
against certain things and being able to anticipate this is going to be an issue, got to get people together
early on. | mean, do you feel like that is really just learned through domain experience or are there rules
of thumb that come to mind in how you think through those things?

Rachel Witalec (40:42):

| think we would have, I'm thinking of how often, at least every month to sometimes biweekly product
strategy sessions of a clinical, our physician or clinical representative, regulatory product and
engineering. And those would really be brainstorming sessions to some extent where we have an
aligned view of the problem space. We have an aligned view of what we could do, but it's really figuring
out, oh, well, we could start with this sort of triage algorithm and then we would just need to validate it
in this way. But really the pain is marking up where it is and sizing it because that bleed can be all across
the brain, and that's going to be hard, but that's a longer clearance. It'll take 15 more months, we would
need to do this sort of study. And so those are really fluid brainstorming sessions around how do we
approach this together?

And so you would walk out of those oftentimes with a very different approach than you thought you
would have when you come in. And so | think in these sorts of clinical heavy areas, you need to have
that sort of meeting at a really regular time. And so many of them would be focused on a specific
algorithm that maybe were trying to do or disease state rather. And then many of them would be, well,
okay, let's look at the list of 10 projects and let's reprioritize based on the decisions that we've made and
the time to market and what competition and all of those sorts of things. And so a lot of those were a lot
more collaborative and cross-functional than | think you may typically have because you need those
inputs. Those inputs can be a game changer. If my regulatory team came to me and said, | can't clear
that for five years, well, that's going to change the way I'm thinking about it.

Or that physician said, it's not possible for you to do that. | can't even do that as an expert with 40 years
in the field, you would say, okay, yeah, it seems like there's a lot of opportunity there, but we're going to
think about it differently. And so we would have a lot of pretty healthy debating sessions that we're
brainstorming. And what's frustrating is you're not in control of those. Sometimes they have information
that you don't know those areas as well, and you walk out and the strategy is a little bit different, and so
you got to kind of roll with the punches in that way.
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Elizabeth Ames (43:00):

They just sound like they're fascinating, really deep collaborations between people who have the
domain expertise and people who are building out the Al stuff and the dataset, et cetera. And those
must be really intense and really interesting, and | can see where you would need to have them fairly
frequently to make sure that you're not going off too far in a direction that is not a good move. Right.

Rachel Witalec (43:31):

And with the way that the space changed so much, maybe there was a company working on ortho that
we looked at and they had a different approach that we should learn from. And so all of that, it was
changing so much that we had to meet pretty frequently

As a product executive. How have your conversations changed or evolved during your discussions with
other cross-functional executives across the company? Because | know that when people are in those VP
level or C level roles, part of their job is just communicating across the organization so that everybody's
aligned, like this product's going to be available in this timeframe or so. | don't know if those
conversations have changed, but how do they go or how have they evolved?

Yeah, | would say in a lot of ways they are. | think when it comes to ai, what | often find right now is
when people say Al number one can mean very different things. And really trying to clarify, are we
talking about how we as employees are using ai, how I'm using chat GPT to summarize my emails better,
or how the product team is using it for competitive research, or are we talking about applying Al in the
product experience and changing the customer experience? And so I've had to catch myself when it
comes up to say, what are we talking about here? And let's make sure we're talking about the same
thing. And this is a roadmap conversation, and this is kind of an employee, maybe legal, maybe HR
conversation. And so I've seen a lot of that with the swirl going on of really needing to clarify what we're
talking about. But | think in a lot of ways the product executive, there's just a lot happening faster. And
so async communication is much, much more important. And having scalable ways to update people
and having that be part of the culture, which a lot of companies aren't used to face-to-face
communication, but that's just often not how it works these days. So using Slack, using documentation
and Confluence or Google Docs and having the culture that that's updated and is actually the source of
truth, and that | think is really, really different nowadays.

Elizabeth Ames (45:52):

So | think maybe we could turn our attention to the future here. So just a couple of questions about
what you see in the future here for Al within healthcare. Where do you think are the opportunities for Al
in healthcare?

Rachel Witalec (46:11):

| think there's a lot of immediate opportunity around automating tasks that unnecessarily take a lot of
time or require an odd specific type of knowledge like insurance claims. So | think the physician notes
we're going to see a lot more things like that, just automating things and insurance claims or normalizing
data. Al can, | think, make a really big difference there. That's typically specialized pocket or knowledge
that can be codified and scaled to lighten the lift of some of that stuff. There's, | think a lot in imaging
still to use multimodal data, so not just look at images but actually pull in the history, the medication
history, other history of the patient to provide a more accurate diagnosis. I'd say the most interesting
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areas that | would love to see in healthcare is around how we're using Al and these algorithms to really
democratize data and decision making.

So there's this concept of patient like me or a case like this, and so | show up to a doctor and maybe |
have a rare disease, and if that doctor has never seen that rare disease or they don't have a physician in
their network from med school or residency or whatever that has seen that you kind of have to navigate
a lot of stuff on your own. And so there's a big opportunity to say, well, what if we codified all of the
knowledge of the best neurosurgeons in the world, what that could do, and what if that was accessible
to any neurosurgeon, whether you're in Nigeria, in China, in San Francisco? And that | think really could
do so much for healthcare and patients in particular, patients who can't figure out what's wrong with
them or they have a rare disease or they have something undiagnosed. And so that ability to really pull
use an LLM to pull together and almost crowdsource information, | think is really, really powerful so that
any of us steps into a doctor and we have a complicated thing going on. You're not just relying on that
doctor's 30 years experience, but you can pull millions of years of experience from anyone else who's
contributed to that LLM. And | think those are really, really exciting capabilities that could do a lot of
things for people who are searching for answers.

Elizabeth Ames (48:21):

Wow, that's fascinating. So when we started this, we were talking about people coming out of tech and
bringing their product skills to bear in other industries. Here's your opportunity to pitch people. What
are the different kinds of opportunities you see specifically for the product management function going
forward and in general, but in specific healthcare?

Rachel Witalec (48:50):

| think there's, what | love to see about this space now, and particularly the product function, is that
product management is one of those weird nebulous roles that it's different in every single company.
Even companies that are competitors that have the same business model, the culture might be
different. And so the way that that product team works and thinks is really different. And that means
that whenever you switch your job and product, you're expecting a pretty different job, and that means
take the risk and join a new industry. For me, moving into healthcare has been a life-changing decision.
I've literally worked on algorithms that have scanned the brains of my patient members in the worst
moments of their life. And when you think about how do you really apply things that you like that are
fun, that are challenging, that are good at product management and healthcare, | really can't think of a
better area because it's constantly changing. Your role needs to constantly change and evolve as
technology does, and it so deeply needs collaborative people who can sit in the center without ego and
just help find good solutions that are viable and useful. And so big pitch for anyone who is looking really
to apply their skills in a meaningful, rewarding way. It's not going to be easy, but nothing rewarding is |
would definitely try healthcare

Elizabeth Ames (50:09):

So | can hear all these little voices in the back of my head that are saying, ask her how | do that. What
should people who are in more just tech roles right now doing product management, but hear your call
to action and are interested in making that move, what should they do to prepare themselves and make
themselves job ready for that space?

Rachel Witalec (50:39):
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Yeah, | would say that's a great question. There are a lot of really investors or people in the space that
are talking about this sort of technology, and | would start following them and reading them, seeing
what the big healthcare players like Epic are doing. And in reality, some of this technology, it's just
different data. So if you're working on recommendation engine for Amazon for shoes or shopping, oh,
well, you're just using healthcare data and maybe recommending other things using an electronic
medical record. And so thinking about, well, how is this the same and how is it different? And being
really thoughtful about that as you're engaging with people. And then I'd say the biggest one is just
being curious and open and taking the risk. There's a lot that you will need to be curious about. You'll
feel stupid a lot of days. Sometimes physicians are not the easiest people to talk to.

And just reminding yourself that you have to do that, and it's worth being curious and feeling dumb for a
few hours because you'll be so much smarter at the other end. But that is a very mental thing to get
over. So if you're interested, reach out to people in the space, reach out to me, read about what the big
players are doing, think about how is that similar to what you're doing now? How is it different? Prepare
for that in the interview script, we'll ask you about that, how you need to think differently in healthcare.
Read books like Bad Blood so you can understand what that might look like and how to think differently
and just continue to engage people and be curious about what they do and how healthcare is different.
There are a lot of tech, | would say tech jobs open across all sorts of the ambient Al healthcare
companies or Epic or the big tech companies. A lot of companies are looking for great talent who can be
collaborative servant leaders and apply their technology interest and skills to moving this industry
forward.

Elizabeth Ames (52:29):

Sounds great. Thank you, Rachel. | mean, it was really interesting talking to you, and | know there are
plenty of people out there that will be inspired by this and maybe pursue the field as a result. So thank
you so much for taking the time. It was great.

Rachel Witalec (52:47):

Yeah, thank you. Thank you for having me. It was fun.
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