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NOTE duration:”00:42:47.5540000”

NOTE language:en-us

NOTE Confidence: 0.932012856006622

00:00:00.060 --> 00:00:01.920 We’re going to go ahead and get started.
NOTE Confidence: 0.884626388549805

00:00:02.620 --> 00:00:33.690 Today we’re really fortunate to have doctor, Sheri
McKee. Present and in fact, she stepped into the into a great need that. We
had for grand rounds today and so is really contributed in major ways to being
able to do this talk today and so we thank her for that. Thank you very much.
Sherry, doctor, McKee is a professor of psychiatry in school, Medison Ann. She
directs the yield pharmacology laboratory and she’s the clinical director of the
forensic.

NOTE Confidence: 0.706801235675812
00:00:33.690 --> 00:00:34.950 Drug diversion clinic.
NOTE Confidence: 0.938379108905792

00:00:35.900 --> 00:00:46.810 She received her pH D from the University of
Western Ontario and subsequent to that. She completed her fellowship training
in the Department of psychiatry at Yale, where she has worked ever since.

NOTE Confidence: 0.930168747901917

00:00:47.480 --> 00:01:13.870 At the national level, she’s held a number of im-
portant positions, including president of the Society of addiction psychology of
the American Psychological Association. She was a member of the board of
directors for the research society on alcoholism. She’s currently associate editor
of psychology of addictive behavior, and she’s been a standing member of the
clinical treatment and Health Services Research Subcommittee of the NI AAA,
which funds so many of our grants.

NOTE Confidence: 0.913470327854156

00:01:14.730 --> 00:01:34.700 In her own work as she directs a very translation
program of research focused on treatment development for addictive disorders,
with an emphasis on women, an more recently, criminal justice populations.
She’s also throughout her career had a major focus on tobacco cessation an an
alcohol use disorders.

NOTE Confidence: 0.918256998062134

00:01:35.570 --> 00:01:43.320 In this work, she’s directed large NIH funded
efforts focused on developing effective medications for addictive behaviors.

NOTE Confidence: 0.899428963661194



00:01:43.880 --> 00:01:52.050 Uh an with this work being with a focus on sex
differences and how women and men might responded treatment differently.

NOTE Confidence: 0.910229802131653

00:01:52.830 --> 00:02:12.700 Of particular relevance to her talk today. We’re
going to hear about some of her very current work on. That’s been federally
funded to develop just in time interventions using wearable biosensors for smok-
ing cessation. An alcohol use disorders, so with this please. Welcome me an
please join me in welcoming Doctor Mickey. Thank you.

NOTE Confidence: 0.910146296024323

00:02:22.460 --> 00:02:25.390 Alright. Thank you for that introduction
Stephanie.

NOTE Confidence: 0.908188462257385

00:02:26.600 --> 00:02:49.930 So first my disclosures. I'm going to be talking a
lot about um company. I developed called Lou May. I may founder stockholder
consultants subcontractor and on the board of directors. So, just to say that I
have a very complicated. Conflict management plan for all of this and I've also
listed somebody other conflicts here on this slide.

NOTE Confidence: 0.918973326683044

00:02:50.830 --> 00:03:21.060 So for the outline today. I'm going to touch on
what are just in time interventions and how we can use biosensors and machine
learning algorithms to support the development of such interventions and then
I’'m going to talk about my current progress in developing just in time interven-
tions. We've had to grants funded so far, so I'll be talking about the results
from from both of those, and then finish up with our next steps as Stephanie
mentioned I got the invitation from John to do this on Sunday morning.

NOTE Confidence: 0.853263974189758

00:03:21.060 --> 00:03:34.820 And up to this point, I’d only presented a 12
minute talk on on these data. So I've had to flush this out a little bit That
being said, you might get out a bit early for lunch.

NOTE Confidence: 0.441198140382767
00:03:35.950 --> 00:03:36.890 OK.
NOTE Confidence: 0.940703094005585

00:03:37.410 --> 00:03:54.140 Just in time interventions are interventions that
are designed to provide the right type the right amount of support at the right
time typically in real time by adapting to an individual’s ever changing internal
and external states.

NOTE Confidence: 0.912121295928955



00:03:55.920 --> 00:04:22.600 This article I put up here has a very nice outline of
how to go about developing such interventions. They talk about these factors
that go into understanding and developing a just in time intervention so a
distal outcome is the ultimate goal. You want to achieve so if it’s treatment for
addiction. You want to support abstinence prevent relapse approximal outcome.

NOTE Confidence: 0.92747837305069

00:04:23.310 --> 00:04:30.630 Is going to be more of a short-term outcome that
the intervention is designed to achieve like craving reduction perhaps?

NOTE Confidence: 0.913472712039948

00:04:33.230 --> 00:04:42.420 And this proximal outcomes are of course, crucial
in as mediators in the pathway to achieve your ultimate outcomes.

NOTE Confidence: 0.899137139320374
00:04:45.310 --> 00:04:46.900 Tailoring variables.
NOTE Confidence: 0.690489292144775
00:04:47.540 --> 00:04:50.000 Our variables uhm.
NOTE Confidence: 0.920158565044403

00:04:52.330 --> 00:05:02.420 That were information concerning the individual
is used for individualization, so to decide how or when to intervene.

NOTE Confidence: 0.913020610809326
00:05:03.530 --> 00:05:06.130 Decision points are points.
NOTE Confidence: 0.932220220565796

00:05:07.510 --> 00:05:10.940 In time at which an intervention decision must be
made.

NOTE Confidence: 0.921983301639557

00:05:12.380 --> 00:05:18.940 You have intervention options that can be chosen
from often these interventions are multifaceted.

NOTE Confidence: 0.930280387401581
00:05:20.260 --> 00:05:22.500 And then you have decision rules.
NOTE Confidence: 0.899320960044861

00:05:23.720 --> 00:05:42.670 And decision rules are away to operate operational-
ize the adaptation of specifying which intervention option to offer for whom for
when and under which experiences and Contacts so the decision rules really link
the intervention options in the tailoring variables in a systematic way.

NOTE Confidence: 0.89904910326004



00:05:43.790 --> 00:06:06.160 Now to achieve all of this of course, you have to
detect behavior. 1 dent, ideally ideally predicts or you have to first detected
behavior. Then ideally predict the behavior and then intervene and obviously
the availability of sensing technologies, underpins the success of a just in time
intervention.

NOTE Confidence: 0.945839583873749

00:06:07.590 --> 00:06:18.280 So, in the US there are 257 million smart Phone
users and these are some of the sensors that are available in most smartphones.

NOTE Confidence: 0.921548664569855

00:06:19.130 --> 00:06:26.080 And these sensors have been used in many inter-
esting ways to develop just in time interventions.

NOTE Confidence: 0.902243971824646

00:06:26.610 --> 00:06:45.360 So this intervention here, um looking at a smart-
phone application to support recovery for alcohol use disorders used GPS locat-
ing to send alerts to patients when they neared a high risk location for example,
a bar that they used to frequent.

NOTE Confidence: 0.932703971862793

00:06:48.650 --> 00:06:56.140 Now, when you start to combine data streams
from various sensors, then you’re talking about a digital phenotype.

NOTE Confidence: 0.896611630916595

00:06:56.690 --> 00:07:01.030 And this is a quote from Tom Insel from a recent
commentary paper.

NOTE Confidence: 0.916964054107666
00:07:01.580 --> 00:07:12.090 Who would have believed that patterns of typing

and scrolling could reveal individual fingerprints a performance capturing our
neuro cognitive function continuously in the real world.

NOTE Confidence: 0.939264953136444

00:07:12.640 --> 00:07:21.000 And then he goes on to say could anyone have
foreseen the revolution and natural language processing and artificial intelligence
that is allowing voice.

NOTE Confidence: 0.934691846370697

00:07:22.190 --> 00:07:28.260 And speech collected on a smart Phone to become
a possible early warning sign for serious mental illness.

NOTE Confidence: 0.900813817977905

00:07:28.930 --> 00:07:36.600 So this is a schematic from his from his article
and again showing the various data streams.



NOTE Confidence: 0.916081011295319

00:07:38.940 --> 00:07:51.870 Like I talked about this smartphone sensors. How
somebody interacts with the keyboard. So reaction time attention memory and
then voice and speech analysis from when people are speaking on the Phone.

NOTE Confidence: 0.890665471553802

00:07:52.540 --> 00:08:05.820 And these data streams are combined to tell us
something about behavior cognition and mood to be used in diagnosis, monitor-
ing from remission or relapse and risk prediction.

NOTE Confidence: 0.882170259952545

00:08:08.440 --> 00:08:17.210 So this is a study that used such an approach 10
patients monitored over several weeks and.

NOTE Confidence: 0.936160027980804

00:08:17.820 --> 00:08:31.270 With their digital phenotypes simply collected
from their smartphones. They were able to recognize manic and depressive
States and individuals with bipolar disorder and were able to do this with the
precision of 97%.

NOTE Confidence: 0.925780296325684

00:08:35.500 --> 00:09:07.440 Now you can integrate multiple sensors, so you can
integrate multiple sensors to have a digital phenotype and then to add another
layer of complexity to this, then you can process that data through a machine
learning algorithm to improve detection of your behavior so before I started
this work. This was my understanding of machine learning algorithms. It’s still
pretty close to where it is right now, but very simply. These are programs math
and logic. We know about math and logic that adjust themselves to perform
better.

NOTE Confidence: 0.930102586746216

00:09:07.440 --> 00:09:21.770 They are exposed to more data so in essence, they
learn so part of the machine learning means that those programs change how
they process data overtime much like we learn how to process data overtime in
our behavior changes as a result.

NOTE Confidence: 0.933676600456238

00:09:22.640 --> 00:09:53.790 There are essentially 3 types of machine learning
algorithms. There’s what’s called supervised learning unsupervised learning and
reinforcement learning and these are just some examples of the types of algo-
rithms or the types of applications that these different algorithms are used for
so in supervised learning. You train the machine learning algorithm using data,
which is well labeled in unsupervised learning. You do not need to supervise
the model. It’s it’s all the data is just unlabeled and dumped into.

NOTE Confidence: 0.916734337806702



00:09:53.790 --> 00:09:54.640 The algorithm.
NOTE Confidence: 0.885921359062195

00:09:55.220 --> 00:10:07.550 And reinforce with reinforcement learning the op-
erator you interacts with the environment to extract outputs or make decisions
so it’s much more interactive.

NOTE Confidence: 0.941725373268127

00:10:08.620 --> 00:10:16.930 So for the types of machine learning algorithms.
I’'ll be talking about later we do supervised learning and classification algo-
rithms.

NOTE Confidence: 0.518023729324341
00:10:19.600 --> 00:10:20.320 So.
NOTE Confidence: 0.917181372642517

00:10:21.710 --> 00:10:48.960 This is one article that uses a machine learning
algorithm to predict smoking urges so In addition to GPS participants in this
study reported on their smoking behavior urges to smoke in their mood and to
be able to train an algorithm. You have to have something called ground truth,
so in this case, it was their real time. Urge reports and after training. This
particular algorithm. They were able to report smoking smoking urges with an
accuracy of 86%.

NOTE Confidence: 0.88248872756958

00:10:50.740 --> 00:11:02.840 Real-time district real time detection of stress is
still a Holy Grail that hasn’t been yet achieved very difficult to do this particular
study used.

NOTE Confidence: 0.918452143669128

00:11:03.470 --> 00:11:19.060 Digital phenotype data from mobile Phone
weather conditions and other information about individual traits and accuracy
and detracting stress with 73% so not so great, you want to see those numbers
up in the high 90s.

NOTE Confidence: 0.937867343425751

00:11:22.360 --> 00:11:32.990 There’s also been a number of studies that have
then used machine learning algorithms to predict behavior. So this study looked
at short-term mood alterations in those with depression.

NOTE Confidence: 0.894960522651672
00:11:34.690 --> 00:11:38.670 This study looked at dietary lapses in weight loss.
NOTE Confidence: 0.908377289772034

00:11:39.800 --> 00:11:56.110 And in this study didn’t use any smart Phone data.
But used 268 predictors that they fed into the algorithm, including things like



socio demographics health status patterns of opioid use and more practitioner
level.

NOTE Confidence: 0.907778441905975

00:12:00.200 --> 00:12:15.750 And more practitioner level and regional level
factors and across a 3 month span were able to predict future ODI episodes
with 92% specificity.

NOTE Confidence: 0.922559261322021

00:12:18.460 --> 00:12:40.450 So for the talk today, I'm going to focus on a
gesture detection platform that I’ve been working to develop so we have gesture
detection. In addition to machine learning algorithms. And both of these have
made it possible to wirelessly impassively detect both are are smoking drinking
and eating in real time.

NOTE Confidence: 0.930881381034851

00:12:41.310 --> 00:12:48.700 And with such hardware and software innovations
were able to build treatment platforms that are seamlessly integrated into users
lives.

NOTE Confidence: 0.920849859714508

00:12:50.800 --> 00:12:59.710 So smoking drinking and eating all use character-
istic handed mouse gestures were each gesture type is associated with unique
and movement in 3 dimensional space.

NOTE Confidence: 0.887840569019318

00:13:00.700 --> 00:13:10.300 When you consider smoking behavior you raise
your hand to your mouth. You take a puff and you lower your hand and you do
this 8 to 10 times per cigarette.

NOTE Confidence: 0.928320646286011

00:13:18.150 --> 00:13:41.550 So we’ve developed this system this hand in mouth
tracking system again, which tracks gestures. In 3 dimensional space and the
system uses gyroscopes and a seller. Ometer’s that are available in any Smart
Watch and we’ve developed a machine learning algorithm to detect these activ-
ities in real time without requiring any active input from a user.

NOTE Confidence: 0.923808395862579

00:13:45.630 --> 00:14:08.560 So we’ve had two grants funded to support this
work and this work started with the conversation. I had with a colleague at Uni-
versity of Massachusetts names Deepak Ganesan. He’s a professor in computer
science and he had developed this gesture recognition platform and I thought
that would be really interesting to look at for smoking and we thought that.

NOTE Confidence: 0.880900263786316



00:14:09.510 --> 00:14:22.600 It wasn’t quite ready. Ferraro one funding and
we thought our twenty one funding wasn’t enough. So we decided to go for
SBIR funding. You know working in soft money requires you to be a little
entrepreneurial and.

NOTE Confidence: 0.893750846385956

00:14:23.210 --> 00:14:39.820 So this was a new experience for me, applying for
SBR funding. An one of the fun things you have to do to get this VR funding
is you have to form a company, which we did, and his two recently graduated
students became the two employees that a company needs to have SBR funding.

NOTE Confidence: 0.921025276184082

00:14:41.630 --> 00:14:52.430 So, in the first step of developing this work in the
first study. We had 53 volunteers and we videotape them as they were eating
drinking and smoking.

NOTE Confidence: 0.929598212242126

00:14:53.410 --> 00:15:18.750 And the video tape operated as the ground truth
and we use this to train the gesture recognition system. Additionally, these
volunteers were the system out in the real world. So then we could also collect
data about what 10s of thousands of not hundreds of thousands of the hand
gestures look like over the course of the day so while they were engaging in
other activities, like driving shopping walking and so on.

NOTE Confidence: 0.932255029678345

00:15:20.080 --> 00:15:32.000 So with this first study we were able to discern
that the algorithm was 92 to 98% accurate across these behaviors in terms of
representing high precision.

NOTE Confidence: 0.890435338020325

00:15:33.140 --> 00:15:38.740 The second study that we did we put the watch
and.

NOTE Confidence: 0.899667024612427

00:15:39.590 --> 00:16:12.980 And they had smart Phone app on 23 adult daily
smokers and they were the system for 4 weeks. And when the system remotely
detected that they were smoking. They responded they received a prompt on
their smart Phone are you smoking. Yes, no they responded an In addition to
their smoking behavior. We also tracked other contexts behaviors that we could
collect from the smartphone. I either sort of a digital phenotype. If you will so
we collected time of day, GPS location, which activities so. So, your smartphone
knows whether you’re.

NOTE Confidence: 0.913548827171326

00:16:12.980 --> 00:16:26.240 Walking driving sitting still and we also collected
social milieu, which are smart, Phone can also do so. We could detect all the



surrounding Bluetooth in your environment and get an idea of what your social
network look like.

NOTE Confidence: 0.922990024089813

00:16:29.440 --> 00:16:46.270 So the results of this demonstrated that users were
highly compliant the majority. The recorded more than 12 hours a day they
were highly compliant with the prompts and the system detected 13 cigarettes
a day, which was very consistent with their baseline data.

NOTE Confidence: 0.909887611865997

00:16:46.920 --> 00:17:08.900 This here shows a heat map of of the time of day
of smoking. So each color represents the likelihood of smoking. So Green is
no smoking and as they move towards red. It’s more smoking. So this starts
at midnight and runs through 24 hour day and each subject recorded over 12
hours of smoking data as you can see.

NOTE Confidence: 0.921542644500732

00:17:09.450 --> 00:17:12.850 And demonstrated very individual patterns of
smoking behavior.

NOTE Confidence: 0.898298501968384

00:17:14.120 --> 00:17:27.980 With the GPS data we learned that smoking lo-
cations ranged up to 52 over the four week period with a median of 15 and
understandably. Most of their smoking occured in either the home or the work
environment.

NOTE Confidence: 0.894903957843781

00:17:32.080 --> 00:17:36.260 And tracking activity smoking and driving was
pretty common and.

NOTE Confidence: 0.904168725013733

00:17:37.160 --> 00:17:42.650 Not surprisingly, social context was not that pre-
dicted for smoking behavior.

NOTE Confidence: 0.928053200244904

00:17:45.730 --> 00:18:01.680 And this is probably the most important finding
from this study, so we discovered that 2 weeks of data was sufficient to saturate
our knowledge about somebody smoking patterns. So we learned all that we
could after a two week period. So then what we did is we use that first 2 weeks
to predict the second 2 weeks.

NOTE Confidence: 0.931339025497437

00:18:02.770 --> 00:18:18.010 And when we did that we learned that we could
predict future smoking with a 6 minute prediction window, so we can tell 6
minutes in advance of when. Somebody is going to smoke and this is an ideal
prediction window to develop a just in time intervention.



NOTE Confidence: 0.8857182264328

00:18:19.510 --> 00:18:26.250 So I then designed to behavioral platform to wrap
around this prediction window.

NOTE Confidence: 0.873354613780975

00:18:27.100 --> 00:19:00.040 So I wrote painfully 650 text messages I can’t tell
you how painful that was that were either. I was like eking out 10. Today, at the
end, that were either skill based or motivational in nature, and then of course,
we coded them. They were also coded for whether they content with specific to
a time of day, a location activity mood and there was also messages that were
tide to a specific point in the quit attempt so either early on in a quit attempt
or later on.

NOTE Confidence: 0.915077805519104

00:19:01.260 --> 00:19:14.270 And the idea is to provide the correct message at
the correct time. There was also a relapse prevention protocol. That was that
was provided when smoking was detected during the quick phase.

NOTE Confidence: 0.91590029001236

00:19:16.050 --> 00:19:40.390 So during said that first, the user would wear this
system for a two week period so they would wear the watch. Download the app
and what the system does is it passively an remotely records there. Smokey
behavior during this two week period to learn all about their smoking behavior.
It’s also collecting this context information so the time of day activity GPS and
Bluetooth.

NOTE Confidence: 0.903295397758484

00:19:41.440 --> 00:19:47.400 What the user experiences during this period,
though is a countdown to quit?

NOTE Confidence: 0.91238933801651

00:19:47.970 --> 00:20:09.360 So they’re they’re getting a quick plan reminder
every day. It’s very brief takes them less than 5 minutes to look at so this
is 2 days left to quit giving them some suggestions of how to deal with their
upcoming quit day and suggestion for how they might spend their day and
getting the smoke smell out of their house.

NOTE Confidence: 0.902737975120544

00:20:13.470 --> 00:20:44.880 There’s also a smoking diary. That’s available
and this is sort of a key part to being able to tailor the messages later. So So
what the diary does is it auto records when the system detects the cigarettes
and the user can either indicate that that was accurate or inaccurate. They can
also sell flog cigarettes. So if they have the watch. Often, they’re charging the
batteries. They can sell Flaga cigarette and also for all of these cigarettes, they
can add additional tags to the cigarettes so.
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NOTE Confidence: 0.936163246631622

00:20:44.880 --> 00:20:49.720 In this particular case, the person was drinking
coffee board alone in it at home.

NOTE Confidence: 0.899608314037323

00:20:51.640 --> 00:20:58.600 They can also track time a day as well as GPS
location during this two week wait period.

NOTE Confidence: 0.918753683567047

00:20:59.270 --> 00:21:29.320 Our pre quit period and then once they have
their quick day. Then there is a six week. Quick period or treatment period
and during this time, the algorithm is executed every 15 minutes to evaluate
the probability of upcoming smoking and the system is designed to spread.
The message is evenly across a day and evening and we decided to push for
personalized messages per day with the idea that looking at the research. This
seems to be an optimal amount of messages.

NOTE Confidence: 0.905560910701752

00:21:29.320 --> 00:21:34.370 We didn’t want to go to many and people getting
irritated in that they’re not looking at them.

NOTE Confidence: 0.923193216323853

00:21:34.990 --> 00:21:47.740 So again this content is actually pushed so they
see it on their watch. They see it on their Phone as a notification so they don’t
actually have to interact with the app to get the intervention, which is very
different than most smartphone apps.

NOTE Confidence: 0.909523129463196

00:21:48.570 --> 00:22:08.310 So this is what the landing page. Looks like during
the post quick period. So they can upload a motivational picture for themselves.
They can have an an instant tip. There’s a running count of their time since
last cigarettes running count of how much money they’re saving and then they
see all the menu options and then the connection status on the watch.

NOTE Confidence: 0.906347990036011

00:22:11.100 --> 00:22:38.750 We also allow for supports to be listed in here and
people can call if they’re if they’re struggling. We also have other notifications
and information that can get pushed to them if they indicate that they want
more so we had this classification. Called me here and so that allows people to
write content at the start when they set up there quit plan so they’re asked if
you’re struggling, what would you want to tell yourself?

NOTE Confidence: 0.92759758234024
00:22:39.610 --> 00:22:42.030 So we had some interesting responses, so this one.
NOTE Confidence: 0.929827690124512
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00:22:42.610 --> 00:22:51.930 My dad died because he smoked and I had to
make the decision to turn off his life support. I do not ever want. My children
grandchildren to make decisions like this, or see me in that condition.

NOTE Confidence: 0.920534789562225

00:22:53.290 --> 00:22:57.900 So a lot of them were focused on health and family,
but we also had a number that looked like this.

NOTE Confidence: 0.611089885234833
00:22:58.730 --> 00:23:01.580 Yeah.
NOTE Confidence: 0.942492544651031

00:23:03.920 --> 00:23:10.990 So again the primary purpose of what we’re trying
to achieve here is to send the right message at the right time.

NOTE Confidence: 0.928036868572235

00:23:12.550 --> 00:23:35.230 So during the pre quit period if we had a user who
is waking up in the morning immediately grabbing their coffee under cigarettes
during the quick period. They would receive a message like this just a few
minutes before that event would have taken place identifying coffee as a trigger
further smoking and providing alternative suggestions for them at that moment
in time.

NOTE Confidence: 0.916357398033142

00:23:35.900 --> 00:23:50.620 Similarly, we have somebody who would leave
work immediately go to their car or light a cigarette rate. Before that would
have happened. They would get a message identifying driving as a trigger and
offering suggesting that they listen to some music instead.

NOTE Confidence: 0.923227667808533
00:23:51.320 --> 00:23:53.390 So after the intervention was developed.
NOTE Confidence: 0.910689890384674

00:23:53.980 --> 00:24:03.500 We then did a randomized clinical trial of the
platform and we decided to compare it to an active control and this was the
NCIS platform. The Smokefree dot text.

NOTE Confidence: 0.881331264972687

00:24:04.020 --> 00:24:30.940 We chose this because it has a very similar struc-
ture to what we had developed it pushes about 4:00 text per day. There’s a
two week countdown phase A6 week treatment phase and and this intervention
has shown efficacy in and of itself. This is essentially a phase force results
from a face for study comparing the intervention in real world quitters to know
behavioral support whatsoever.

NOTE Confidence: 0.913310706615448
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00:24:33.210 --> 00:25:00.430 So for the study. We recruited 141 adult daily
smokers. We recruited these individuals from across the United States and
use web based recruitment. They completed initial screening on line. Then
they were Spohn screened by research assistant so the criteria were quite broad
smoking more than 5 cigarettes per day. Adult had to have an Android phone
access to the Internet and no evidence of significant medical or mental illness.

NOTE Confidence: 0.889550387859344

00:25:02.240 --> 00:25:11.430 They were randomized to one of the two conditions
participants use their own Phone. We emailed sorry we mailed them as Smart
Watch and they downloaded the app.

NOTE Confidence: 0.908289730548859

00:25:11.960 --> 00:25:21.250 And they also completed questionnaires online
every 2 weeks, so timeline follow back assessing cigarette use craving withdrawal
and mood as secondary outcomes.

NOTE Confidence: 0.911769270896912

00:25:22.900 --> 00:25:43.120 In terms of baseline variables, the two conditions
were well matched no significant differences. They were about 40 years of age,
primarily women. White college educated smoking about 14 cigarettes a day
had moderate levels of nicotine dependence and we’re also motivated to quit
smoking.

NOTE Confidence: 0.894713878631592

00:25:45.230 --> 00:25:58.630 Retention was good. We had about 10% non
starters of the none of the starters about 90% completed treatment and of the
treatment completers about 90% gave us one month follow up data.

NOTE Confidence: 0.894500494003296

00:26:01.820 --> 00:26:32.190 For the smoking Diaries, they logged the subjects
logged about 8400 triggers over the course of the study. The median was about
92 per subject, but they ranged all the way up to 682. That was a very consci-
entious subject and for those of you that do smoking research. You’ll recognize
I've ranked with the Top 5 triggers were that people logged and this is pretty
consistent with what we see in the literature with regards to.

NOTE Confidence: 0.656794488430023
00:26:32.190 --> 00:26:32.920 It triggers.
NOTE Confidence: 0.846812009811401

00:26:33.900 --> 00:26:39.160 Top act is Top ranked ones were watching TV
stressed home and alone.

NOTE Confidence: 0.906427443027496
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00:26:43.470 --> 00:27:02.740 The primary outcome, we evaluated was into treat-
ment point prevalence so for somebody to be counted. Absent there had to be
no smoking. No self reported smoking over the past 7 days and also that the
biosensor did not detect any smoking over that same period otherwise the sub-
ject was censored as smoking.

NOTE Confidence: 0.915809690952301

00:27:10.510 --> 00:27:16.570 So this is the primary outcome again attend to
treat so everybody was included in this analysis.

NOTE Confidence: 0.90880674123764

00:27:17.290 --> 00:27:36.660 And demonstrating that the lumi platform per-
form better than the NCIS. Smokefree dot text platform, increasing the odds of
quitting by about 2.24 times and to our knowledge. This is the first demonstra-
tion of a just in time intervention for smoking cessation.

NOTE Confidence: 0.900488138198853

00:27:37.540 --> 00:28:03.820 I also did a sensitivity analysis, essentially fac-
toring out those who did not use the system sufficiently so those who didn’t
keep the battery charged for example, and and also where the biosensor out-
come could not be determined with high confidence and when the user and the
biosensor is performing perfectly. We get an odds of over 4 for the quit outcome.

NOTE Confidence: 0.918075799942017

00:28:04.420 --> 00:28:20.510 For one month old come this is based on self report
data because we stopped the gesture recognition at the end of treatment and
we still see a pretty decent odds ratio. It’s not significant and likely a power
issue at this point in time.

NOTE Confidence: 0.911702632904053

00:28:24.880 --> 00:28:55.710 When we look at engagement. This is important
again as I mentioned before there’s literally thousands of smart Phone applica-
tions out there for smoking cessation and some of them are designed really well,
but where their downfall. Is is that they require user engagement and with our
intervention. It’s again. It’s the behaviors assess passively so it doesn’t require
any input and also the intervention is delivered as notification. So so the user
need not ever.

NOTE Confidence: 0.905561864376068

00:28:55.710 --> 00:29:18.140 Interact with the app, but nonetheless they do
so we can see quite a stunning difference in the mean number of interactions
during the study and like I said, also the messages are pushed to the watch into
the cell phone and users can read the message without ever clicking on it, but
they still clicked on it quite often, and over 45%.

NOTE Confidence: 0.907435417175293
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00:29:19.220 --> 00:29:41.320 With regards to our secondary outcomes, there
was no difference in craving withdrawal in mood and the surprise me a little bit,
but we you know, I was thinking that in the future. We should be assessing.
These measures sort of in the moment as people are are getting pushed content
and this kind of design.

NOTE Confidence: 0.926184117794037

00:29:41.980 --> 00:30:07.660 Are used to develop just in time interventions?
They're called Micro randomized trials. So this is where individuals? Are
randomized hundreds or thousands of times over the course of the study. So
you have the same individuals. You just keep randomizing them to different
components. And in these kinds of trials are are able to help you sort of pull
apart. What are the affective components of your intervention?

NOTE Confidence: 0.906744480133057

00:30:10.660 --> 00:30:42.460 So the system generates 500,000 data points per
person, per day so we now have a data set of over 4 billion data points over
the course of the study. There was 12,000 interventions logged about 174 par-
ticipants overall within the loom a condition. They found the messages to be
helpful and well timed an in terms of primary content. You can see what what
the system pushed to the subjects were primarily skill based and you can look
at sort of the target content.

NOTE Confidence: 0.606943786144257

00:30:42.460 --> 00:30:43.860 Of of the

NOTE Confidence: 0.894375860691071

00:30:44.400 --> 00:30:45.450 Of the messages.

NOTE Confidence: 0.915533542633057

00:30:45.980 --> 00:30:48.460 We also collected a lot of feedback.
NOTE Confidence: 0.842191576957703

00:30:49.600 --> 00:30:57.080 Some was good so these are some of the quotes
from subjects.

NOTE Confidence: 0.926463603973389

00:30:57.740 --> 00:31:25.720 Finding the application helpful to them to quit
smoking on the bad side. There were some comments about the accuracy of
prediction, particularly early on, So what that told us is we needed to manage
the subjects expectations about the machine learning algorithm. So it improves
overtime and it improves overtime, individualized to the subject. So we need to
tell the subjects that they need us to help train the algorithm.

NOTE Confidence: 0.920060157775879
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00:31:27.740 --> 00:31:44.360 So if you think about it like I said, You're doing
10s of thousands of gestures with your hand every day and what you're asking
the algorithm to do is to pick this out several times a day so from the field of
everything that you do with your hands over the course of the day and of course,
there’s comments about always about battery life.

NOTE Confidence: 0.918828070163727

00:31:45.620 --> 00:32:16.530 So to summarize the platform is accurate were
able to predict smoking in advance of actual smoking. Our preliminary results
are positive again. The application requires no user input other than they wear
the watch and they download the app to their Phone. It seamlessly integrated
into their lives. They need never to show up for an office based appointment. It
delivers a personalized intervention in real time and it’s inexpensive and scalable
and time we’ve received a patent.

NOTE Confidence: 0.901008665561676
00:32:16.530 --> 00:32:19.470 For the gesture based recognition system.
NOTE Confidence: 0.903795719146729

00:32:20.670 --> 00:32:51.080 We'’ve received some recognition so the opposite
cooperative. Researchers asked me to present at the Yale Innovation Summit.
This is done at the medical school every year. It’s kind of an interesting event I
did a kind of a Shark Tank 5 minute presentation to investors and I got my big
Publishers Clearing House check for the most innovative solution and I'm going
to use this money to help defray the cost of a spa day for my staff, we’ve also.

NOTE Confidence: 0.899349451065063

00:32:51.080 --> 00:33:02.210 Being invited to NCI has investor initiatives that
they select certain grantees to attend and we’ve had the opportunity to do that
also.

NOTE Confidence: 0.904421865940094

00:33:04.160 --> 00:33:19.370 So, in terms of next steps for this we’re going to
continue to analyze R4 billion data points. Uhm there’s another SBIR grant
pending to extend this quick platform to a reducer platform, the majority of
smokers don’t.

NOTE Confidence: 0.916092216968536

00:33:19.870 --> 00:33:36.340 Actually want to quit now alot of them want to
quit through reduction so we’re going to tailor the platform for that outcome
and we’ve also just completed a market study with a big Pharma partner and
hopefully that will continue moving forward.

NOTE Confidence: 0.95071679353714
00:33:37.640 --> 00:33:40.890 We are also developing the platform for drinking.
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NOTE Confidence: 0.941466093063354

00:33:41.470 --> 00:33:49.800 So the challenge here is we can detect a drinking
gesture, but how can we tell if somebody is drinking alcohol or something non
alcoholic?

NOTE Confidence: 0.926135361194611

00:33:52.150 --> 00:34:01.180 So what we decided to do here is to pair are
gesture recognition system with a transdermal alcohol sensor and in this case,
the backtrack skin.

NOTE Confidence: 0.909608006477356

00:34:02.010 --> 00:34:16.510 Now the challenge with the transdermal alcohol
sensor is that they have delayed detection of drinking. So somebody has to
drink alcohol. It has to be metabolised before it comes out through the skin
and then the sensor has a positive reading.

NOTE Confidence: 0.923718452453613

00:34:17.050 --> 00:34:45.400 So the aim of this grant was to develop an in-
tegrated system and to be able to merge those two data streams. So we had
participants with alcohol use disorder participate. We videotape them drinking
over a 2 hour period. We provided them with a bolus dose of their favorite
alcohol beverage and they could drink to a Max level of .12 grams per deciliter
and we collected blood alcohol levels every 15 minutes with ground truth.

NOTE Confidence: 0.907015383243561

00:34:48.760 --> 00:35:04.600 So this just represents what we’re collecting for the
gesture recognition piece of it. So it records when they start drinking and then
of course, it’s recording drinking gestures and all the other available contextual
variables and then you have an individual King Episode.

NOTE Confidence: 0.914749503135681

00:35:05.480 --> 00:35:25.990 So what the goal was here are the trick was is at
some point during the drinking episode, the trans dermal detection will goaf so
we needed to sort of backtrack and figure out what this interval was so then in
the future. When we are developing our prediction algorithm. We know how
far back to go to grab those.

NOTE Confidence: 0.916991174221039

00:35:26.840 --> 00:35:29.890 Prediction variables that feed into our algorithm.
NOTE Confidence: 0.89396458864212

00:35:33.580 --> 00:35:35.840 So this is what a drinking gesture looks like.
NOTE Confidence: 0.936777174472809
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00:35:36.750 --> 00:35:39.970 So what you have here is somebody picking up a
glass.

NOTE Confidence: 0.862279772758484

00:35:40.800 --> 00:35:48.650 And then the wrist rotation to take a sip. This is
the sip. Then they’re putting down the glass and they’re lowering the grass.

NOTE Confidence: 0.730906665325165
00:35:49.450 --> 00:35:50.170 And.
NOTE Confidence: 0.914372622966766

00:35:51.200 --> 00:36:02.560 We evaluated this like I said over the 2 hour period
as people became intoxicated. So you can imagine that the gestures change as
people get intoxicated OK, they become larger.

NOTE Confidence: 0.824443340301514
00:36:03.150 --> 00:36:04.050 Actually.
NOTE Confidence: 0.925013422966003

00:36:04.710 --> 00:36:24.090 And we used a cost sensitive random forests classi-
fication algorithm for this data, and we’re able again with the with the outcome
of intoxication were able to detect these gestures with 95% accuracy and .01%
false positive rate.

NOTE Confidence: 0.539131700992584
00:36:25.720 --> 00:36:26.270 This.
NOTE Confidence: 0.9241042137146

00:36:38.090 --> 00:36:42.770 I just got a message on my screen that PowerPoint
stopped responding.

NOTE Confidence: 0.862896621227264
00:36:44.640 --> 00:36:45.700 OK, it’s back.
NOTE Confidence: 0.898493826389313

00:36:47.350 --> 00:37:09.780 All right uhm so here we have this data is the
blood alcohol level graft over a period of 500 minutes and this is the transdermal
alcohol sensor so again. They were drinking for the first 120 minutes and you
could see by the end of the drinking. They're they’re at a pretty decent blood
alcohol level.

NOTE Confidence: 0.911457180976868

00:37:14.650 --> 00:37:18.860 So what the goal was here was through some
sophisticated.

NOTE Confidence: 0.911790251731873
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00:37:19.890 --> 00:37:51.290 Curve fitting we were able to match the two curves
and to figure out how to do that individual prediction and on average, that
delay between so you can see here. The delay between when the blood alcohol
starts to go up and when the TS measure starts to go up that that is about
29 minutes on average. So now that we’ve worked out that delay. We can use
this information to look back in the data stream to understand the construction
textual information that was present.

NOTE Confidence: 0.909768104553223

00:37:51.290 --> 00:37:55.940 At the start of a drinking episode when we start
to train a prediction algorithm.

NOTE Confidence: 0.914796829223633

00:37:56.740 --> 00:38:20.020 So, in terms of next steps were going to continue
developing the prediction algorithm and to use as a treatment platform for those
with alcohol use disorders. We’re going to also do lanja tude inal assessment
of natural drinking behaviors. I think will be interesting to do and we’re also

considering the research applications of this system so Walter Roberts raise your
hand.

NOTE Confidence: 0.842761635780334

00:38:20.760 --> 00:38:31.860 Well has has received K 23 funding from an I AAA
Essentia Lee to develop this platform to be used in medication trials.

NOTE Confidence: 0.902740120887756

00:38:32.390 --> 00:39:03.880 And we’ve completed a paper outlining that ap-
proach so essentially the idea is to move very precise laboratory. Measurements
of a medication response during a drinking episode, an move those into the per-
son’s natural environment, so Walter is going to be doing is figuring out how to
do prompted assessments with this system at different points in a blood alcohol
curve. So when drinking is detected during a sending limb.

NOTE Confidence: 0.903653383255005

00:39:03.880 --> 00:39:26.150 At binge levels and then during descending limb
and you can see the advantages of doing this that. When we do laboratory
assessments of the medication. It’s one drinking episode, where assessing in a
relatively faults environment and this allows that kind of testing to move out
into a person’s naturalistic environment and you’re able to collect this data over
multiple drinking episodes.

NOTE Confidence: 0.920953869819641

00:39:28.360 --> 00:40:01.250 So we have other biosensor projects were devel-
oping so I've primarily talked about using sensors that are available in smart-
watches and smartphones, which has the advantage of being easily easy to dis-
seminate 'cause. Everybody has a smartphone and it’s also cost effective in
terms an easy to scale those kinds of interventions, but there’s also a whole
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world of new bio sensors out there in the technology is currently changing so
you have things like contact lenses that assess glucose levels.

NOTE Confidence: 0.85155725479126
00:40:01.250 --> 00:40:05.020 You have eyeglasses that do eye tracking.
NOTE Confidence: 0.840830206871033

00:40:05.600 --> 00:40:12.730 Do bite counts for eating all sorts of sensors are
now putting in your mouth and bedding in your teeth, putting into retainers.

NOTE Confidence: 0.788389325141907
00:40:13.320 --> 00:40:15.190 You have.
NOTE Confidence: 0.920404672622681

00:40:15.810 --> 00:40:36.770 Sensors that do interstitial fluid so there’s a little
microneedle array that pierces. The skin and I know that there’s some working
on that for real. Time alcohol detection. There’s also a whole range of clothing
being developed that can assess things like sleep sleep patterns sweat during
sleep.

NOTE Confidence: 0.916144669055939

00:40:38.260 --> 00:40:57.690 So we have a couple of projects that are just
starting that are going to be looking at ambulatory and passive monitoring of
craving and stress States and also of executive functioning and we’re going to be
doing that within the Hipc Appeal, one in a pending you 54 that will continue
this work.

NOTE Confidence: 0.905021071434021

00:41:00.530 --> 00:41:30.560 So, like I said earlier. Um we’ve been funding.
This work through SBIR grants and this started as a partnership between us
here and U mass and just to give you an idea of what’s happened with the
company ’'cause That’s kind of taken on a life of its own so we had first granted
2015 second. Grant 2017 and we completed the validation study that I just
presented in 2018 and patent technology so in this year, we’ve.

NOTE Confidence: 0.898856103420258

00:41:30.560 --> 00:42:01.390 We'’re partnered with pharma like I said, I hope
that goes forward. We have paid pilots just starting. An employer insurance
programs were looking at the issue of FDA clearance. These kinds of platforms
fall under a Gray area for the FDA sometimes so its mobile applications. You
know where the FDA has discretion over whether they want to evaluate them
or not so we're looking at a path towards FDA clearance like I said there’s a.

NOTE Confidence: 0.887856423854828

00:42:01.390 --> 00:42:18.240 There’s a grant pending and this is an interesting
mechanism again on the SBIR side and it provides matching funds to invest
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your income. We’ve closed the seed round from investors on the company and
will be collecting Series A investment in next year.

NOTE Confidence: 0.867161929607391

00:42:19.160 --> 00:42:38.290 So with that I will finish by acknowledging my
stuff. I wanted to say. Hi Megan, Megan and Sabrina collected. The smoking
data that I presented today. I wanted to acknowledge Paula Andrew and Walter,
who helped with the alcohol data and Terra Lynn McKenzie, who helped with
the the P 01.

NOTE Confidence: 0.90412974357605

00:42:38.950 --> 00:42:43.350 And my collaborators at UMass and I’ll stop there
and take questions thanks.
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