
1Guthrie NL, et al. BMJ Open 2019;9:e030710. doi:10.1136/bmjopen-2019-030710

Open access�

Emergence of digital biomarkers to 
predict and modify treatment efficacy: 
machine learning study

Nicole L Guthrie,1 Jason Carpenter,2 Katherine L Edwards,1 Kevin J Appelbaum,1 
Sourav Dey,2 David M Eisenberg,3 David L Katz,1,4 Mark A Berman1

To cite: Guthrie NL, Carpenter J, 
Edwards KL, et al.  Emergence 
of digital biomarkers 
to predict and modify 
treatment efficacy: machine 
learning study. BMJ Open 
2019;9:e030710. doi:10.1136/
bmjopen-2019-030710

►► Prepublication history for 
this paper is available online. 
To view these files please visit 
the journal online (http://​dx.​doi.​
org/​10.​1136/​bmjopen-​2019-​
030710).

Received 27 March 2019
Revised 06 June 2019
Accepted 08 July 2019

1Better Therapeutics LLC, San 
Francisco, California, USA
2Manifold, Inc, Oakland, 
California, USA
3Nutrition, Harvard T.H. Chan 
School of Public Health, Boston, 
Massachusetts, USA
4Griffen Hospital, Yale University 
Prevention Research Center, 
Derby, Connecticut, USA

Correspondence to
Dr Mark A Berman;  
​mark@​bettertherapeutics.​io

Research

© Author(s) (or their 
employer(s)) 2019. Re-use 
permitted under CC BY-NC. No 
commercial re-use. See rights 
and permissions. Published by 
BMJ.

Strengths and limitations of this study

►► Proof-of-concept biomarkers demonstrated good 
power to predict treatment outcomes despite the 
small size of the training dataset.

►► Use of additional explanatory variables to devel-
op the biomarkers may enhance the accuracy of 
predictions.

►► Generalisability of the biomarkers is unknown and 
may be limited by the demographics of the training 
dataset.

Abstract
Objectives  Development of digital biomarkers to predict 
treatment response to a digital behavioural intervention.
Design  Machine learning using random forest 
classifiers on data generated through the use of a digital 
therapeutic which delivers behavioural therapy to treat 
cardiometabolic disease. Data from 13 explanatory 
variables (biometric and engagement in nature) generated 
in the first 28 days of a 12-week intervention were used 
to train models. Two levels of response to treatment were 
predicted: (1) systolic change ≥10 mm Hg (SC model), and 
(2) shift down to a blood pressure category of elevated 
or better (ER model). Models were validated using leave-
one-out cross validation and evaluated using area under 
the curve receiver operating characteristics (AUROC) and 
specificity- sensitivity. Ability to predict treatment response 
with a subset of nine variables, including app use and 
baseline blood pressure, was also tested (models SC-APP 
and ER-APP).
Setting  Data generated through ad libitum use of a digital 
therapeutic in the USA.
Participants  Deidentified data from 135 adults with 
a starting blood pressure ≥130/80, who tracked blood 
pressure for at least 7 weeks using the digital therapeutic.
Results  The SC model had an AUROC of 0.82 and a 
sensitivity of 58% at a specificity of 90%. The ER model 
had an AUROC of 0.69 and a sensitivity of 32% at a 
specificity at 91%. Dropping explanatory variables related 
to blood pressure resulted in an AUROC of 0.72 with a 
sensitivity of 42% at a specificity of 90% for the SC-APP 
model and an AUROC of 0.53 for the ER-APP model.
Conclusions  Machine learning was used to transform 
data from a digital therapeutic into digital biomarkers that 
predicted treatment response in individual participants. 
Digital biomarkers have potential to improve treatment 
outcomes in a digital behavioural intervention.

Introduction
Modifiable behaviours are responsible for 70% 
or more of all cardiometabolic diseases.1–3 
Health systems are ill equipped to address 
the current epidemic of cardiometabolic 
diseases and, in particular, lack widely available 
behavioural therapies to address the common 
root causes of these conditions. Digital ther-
apeutics, software designed to encourage 
changes in behaviours which treat disease, 

offer a means to deliver behavioural therapy 
to large populations and preliminary studies 
demonstrate their potential as a cost-effective 
treatment for cardiometabolic disease.4–7

Compared with pharmacotherapy, digital 
therapeutics offer potential advantages such 
as ease of access, ease of use, fewer side-effects 
and cost effectiveness.4 8–10 Digital therapeu-
tics also generate readily accessible patient 
data without requiring an office or lab visit. 
The data generated are voluminous and vary 
in both type and quality. These can include 
remotely sensed measures of physiology (eg, 
blood pressure (BP), blood glucose, heart rate 
variability), behavioural data (eg, about eating, 
moving, thinking), medication adherence, as 
well as engagement parameters of unknown 
significance (eg, app use, geographic location, 
circadian patterns of use).

The best use of these data remains an open 
question. Feeding data directly into electronic 
medical records is of limited utility to providers 
or patients whereas transforming the data 
into markers of disease status, termed digital 
biomarkers11 could provide clinically action-
able insights with or without conventional 
biometric data.12–14 Digital biomarkers afford 
a pragmatic approach to remotely monitor 
patients and intervene on a continuous rather 
than episodic basis. Greatly expanding oppor-
tunities to intervene means that patients have 
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greater access to personalised care, which could improve 
treatment outcomes.15 16

Machine learning, a type of artificial intelligence (AI) 
used to make predictions with large and complex datasets, 
offers a novel approach for creating digital biomarkers. 
The exponential growth of smartphone use in the USA 
and advancing interoperability standards allow for digital 
biomarkers to be compiled across diverse populations and 
data sources. As a result, the opportunity to advance digital 
biomarker methodologies has never been greater.17 18

Machine learning is particularly valuable when there is 
ambiguity about what variables, or to what extent a set 
of variables predict an outcome of interest. Such ambi-
guity is inherent to behavioural interventions, like those 
used in the treatment of cardiometabolic disease. Human 
behaviour results from a complex interaction between 
the anthropogenic features of our living environment, 
genetic and epigenetic determinants of behaviour, neuro-
biology, social influences and to some degree chance 
events.19–22 While clinical experience and the scientific 
literature can identify many variables that influence 
behaviour, the interplay of these variables in a given indi-
vidual and their environment is difficult for a clinician or 
patient to discern. This ambiguity limits enthusiasm for 
behavioural interventions because it makes it difficult for 
clinicians and patients to rely on behavioural therapy to 
achieve a predictable level of therapeutic response.

Digital biomarkers can reduce ambiguity by predicting 
current and forecasting future disease status during the 
course of treatment.23–25 Digital biomarkers that serve 
as markers of current disease status allow for tailoring 
or adjusting treatment between clinic visits (eg, when a 
patient is not doing as well as expected). Similarly, markers 
of future disease status enable pre-emptive action, such 
as adding or subtracting additional treatments, or taking 
preventive steps to avoid complications of the disease.14 25

In this paper, we present our ongoing work to develop 
digital biomarkers and aim to illustrate their utility in 
digitally delivered behavioural interventions to both 
the patient and prescribing clinician. We describe the 
analytic process to show that the development of digital 
biomarkers requires a hypothesis-driven approach, partic-
ularly when datasets are small. Finally, using actual exam-
ples of digital biomarkers intended to predict BP status, we 
discuss the practical and ethical considerations involved 
in both developing and applying digital biomarkers using 
machine learning.

METHODS
Digital therapeutic
The digital biomarkers discussed in this paper were 
generated using data from a digital therapeutic created 
by Better Therapeutics LLC (San Francisco, California, 
USA), a developer of prescription digital therapeutics for 
the treatment of cardiometabolic diseases.

The digital therapeutic integrates a mobile medical 
application (‘app’) that delivers behavioural therapy with 

the support of a remote multidisciplinary care team. The 
app delivers a personalised behavioural change inter-
vention, including tools for goal setting, skill building, 
self-monitoring, biometric tracking and behavioural 
feedback designed to provide cognitive training and 
support the participant’s daily efforts to improve overall 
cardiometabolic disease status. The app facilitates the 
adoption of evidence-based behavioural strategies, such 
as planning and self-monitoring, to increase physical 
activity and consumption of vegetables, whole grains, 
fruits, nuts, seeds, beans and other legumes.26 27

Participants
Participants were over 18 years of age who self-identified 
with a diagnosis of hypertension, type 2 diabetes and/or 
hyperlipidaemia. Those reporting to have hypertension 
at enrolment were offered a free Omron 7 Series Upper 
Arm Blood Pressure Monitor (Omron Healthcare, Kyoto, 
Japan) to use during the intervention and to keep at its 
conclusion. This 12-week intervention was available to all 
participants at no cost.

This analysis of existing data from participants using 
the digital therapeutic was approved and overseen by 
Quorum Review Institutional Review Board28 and a waiver 
of informed consent was granted for this retrospective 
analysis.

Constraining the training dataset
The clinical intent of this biomarker exploration was to 
generate digital biomarkers that could improve treat-
ment outcomes in future participants with hypertension 
for whom BP was not optimally controlled despite the use 
of pharmacological treatment. We first identified prior 
participants that met the following criteria: baseline BP 
was (1) at or above the cut-off for stage I hypertension 
(systolic ≥130 or diastolic ≥80)26 and 2) recorded no more 
than 2 weeks prior to or 2 weeks after the start of the inter-
vention. The baseline value was calculated by taking an 
average of all values reported in a 6-day interval defined 
as starting with the date of the first BP value reported and 
all values reported in the following 5 days.

The development of a predictive model using a training 
dataset requires all participants to have known outcomes. 
This is referred to as the ‘ground truth’ in machine 
learning. In this case, the ground truth was change in BP 
from baseline. The follow-up BP values were calculated 
by taking an average over a 6-day interval ending with the 
last BP reported and all values in the previous 5 days. Of 
the participants identified, we only included those with a 
follow-up BP value in weeks 7–14 of the intervention.

The training set also needs to be a valid representa-
tion of future experience to make sure the data sources 
present are sufficiently representative of those that will 
be collected in future participants. This is an important 
consideration because of the evolving nature of digital 
therapeutics. As the therapeutic is modified over time, 
the data types collected in earlier versions of the app 
could be different from those collected in later versions. 
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Therefore, for the purpose of developing biomarkers that 
predict BP status, we further constrained the training 
dataset to include participants who used versions of the 
app which enabled automatic BP tracking.

Choosing response variables and training window
The intent of machine learning is to train an algorithm 
that can predict a specific outcome, termed the ‘response 
variable’. The response variable must be both clinically 
relevant and sufficiently, but not universally, prevalent in 
the population of interest. For example, if the outcome is 
‘any degree of improvement’, but any degree of improve-
ment occurs in >95% of participants in the training 
dataset, then a predictive model may appear to work 
well, but could actually be invalid.29 Furthermore, ‘any 
improvement’ is arguably less clinically meaningful than 
‘a specific degree of improvement’.

To address these concerns, we chose response vari-
ables that were well distributed in the training dataset, 
as detailed in the Results section, and were also clinically 
meaningful in the management of hypertension. Specif-
ically, we chose to predict: (1) a systolic BP improve-
ment of 10 mm Hg or higher near the end of a 12-week 
intervention period (defined as 7–14 weeks after start), 
because 10 mm Hg has been well demonstrated to be clin-
ically meaningful30 31 and that degree of change is near 
the mean for participants in the training dataset (66/135 
participants); and (2) a reduction in BP to the elevated 
range (ER) or below (systolic ≤130), because this level of 
BP control would signal a clinician to stop adding addi-
tional pharmaceuticals or consider reducing or depre-
scribing pharmaceuticals (48/135 participants).26

For a digital biomarker that predicts BP status to be 
clinically useful, it needs to compute with data collected 
in a short period of time, and in less time than typically 
occurs between clinic visits. This means the biomarker 
could be used to intervene between office visits and 
could play a role in addressing clinical inertia that limits 
primary care providers ability to optimise BP control in 
their patients.32 33 To demonstrate proof of concept, we 
chose a 28-day training interval, meaning that we trained 
machine learning models on the first 28 days of patient 
data to evaluate whether it could predict BP change in 
weeks 7–14. We hypothesised that data collected within 
this short training window could sufficiently represent 
changing behavioural patterns and treatment response, 
so as to predict future BP status.

Choosing modelling techniques and explanatory variables
There are many valid methodologies for machine 
learning. These methods can be categorised by the 
type of learning involved—supervised or unsupervised. 
While a discussion on the merits and nature of each 
type is beyond the scope of this paper, it is important 
to select modelling techniques appropriate for the size 
of the dataset and nature of response variables chosen. 
For the biomarkers presented herein, we used random 
forest models, which is a form of supervised classification 

learning known to reduce overfitting in small datasets.34 
The models are supervised because the ground truth (ie, 
actual BP change) for each participant in the training 
dataset is labelled. The models are attempting to learn 
whether the classification was or was not achieved; for 
example, will a participant achieve a >10 mm Hg BP 
reduction, or not?

In addition to classification labels, random forest 
models must be trained on a set of explanatory variables. 
For a small training dataset, each model must have a 
limited number of variables so as to avoid excess noise 
and overfitting that can lead to reduced generalisability. 
These explanatory variables must be selected by hypoth-
esis. For example, we hypothesised that baseline BP and 
achievement of behavioural goals would influence the 
degree of BP change observed and used these as explan-
atory variables. In a large dataset, feature engineering 
can be used to identify the most predictive explanatory 
variables.

For each biomarker model, denoted systolic change (SC 
of 10 mm Hg or more) or ER (ER achieved), we used 13 
explanatory variables, which can be categorised as engage-
ment or biometric variables. Engagement variables are 
counts of actions related to the use of the digital thera-
peutic, including count of all meals reported, plant-based 
meals reported, physical activity reported and length of 
exposure to the intervention. Biometric variables included 
baseline systolic, baseline diastolic, mean systolic and 
diastolic at training window end, initial systolic and diastolic 
change (end training mean—baseline), minutes of physical 
activity and baseline body mass index (BMI).

We trained each biomarker model on data generated 
during a 28-day training window, starting with participant 
day 0 (sign up) up to day 28 (a third of the way through 
the studied 12-week intervention period). We used hyper-
parameter optimisation35 to minimise overfitting and to 
achieve the maximal leave-one-out cross-validated area 
under the receiver operating characteristic curve for both 
models.

Model validation
Performance of each biomarker model was assessed using 
leave-one-out cross validation, which is a common and 
valid technique for use in samples of this size.36–38 This 
was done by training each model on N−1 samples of the 
data and then making a prediction on that one sample 
that was left out, producing an ‘out of sample’ predic-
tion for all N samples. The N predictions were pooled to 
generate the classification variables of the receiver oper-
ator characteristic curve (ROC), the area under the curve 
of the ROC (AUROC) and a confusion matrix of true 
versus predicted values.39

For each biomarker model, the ROC curve illustrates 
predictive ability of the response variable (in this case 
SC of 10 mm Hg or move to a range of elevated BP) at 
different thresholds of discrimination. At each predic-
tion discrimination threshold, the ROC displays the false 
positive rate (FPR) against the true positive rate (TPR). 
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The FPR is the ratio of truly negative events categorised as 
positive (FP) to the total number of actual negative events 
(N). Specificity or true negative rate of a model is calcu-
lated as 1 − FPR and is an indication of how well a model 
does in correctly identifying those who do not achieve a 
successful outcome, as defined by the response variable.

Since the intended application of these biomarkers 
is analogous to a diagnostic test, which are traditionally 
evaluated based on their specificity, we evaluated model 
performance at a specificity of 90% (FPR=0.10). A low 
FPR minimises the number of participants who the model 
would predict to achieve a healthier state who actually will 
not. In turn, this minimises the number of participants 
who might be erroneously taken off BP medicine as a 
result of an erroneous prediction. It is less critical to avoid 
labelling participants who had achieved a healthier state 
as though they had not. This is why we choose a discrim-
ination threshold with a low FPR, and then evaluate the 
TPR at that point.

As a further validation step, we examined the perfor-
mance of each biomarker by excluding the four explan-
atory variables that capture BP change in the training 
window. While we hypothesised that these models would 
perform less well, they serve to test the concept that a 
digital biomarker that predicts BP status can be gener-
ated without using ongoing BP data. These validation 
models using only app engagement and other biometric 
variables are denoted SC-APP and ER-APP.

Making use of explainable AI
Digital biomarkers that are generated using machine 
learning do not need to be viewed as a black box. Instead, 
explainable AI techniques are available that can provide 
more granular details about the explanatory variables 
that influenced the prediction made. Explainable AI can 
afford both individual participant and population level 
insights.

We used the tree shapley additive explanation (SHAP) 
algorithm on the random forest models40 to generate 
more interpretable predictions at the participant level. 
The SHAP algorithm assigns each explanatory variable an 
importance value for each prediction. Using SHAP on a 
machine learning model is analogous to coefficient anal-
ysis in classical regression. Similar to coefficient analysis, 
it can be used to determine the relative importance of 
explanatory variables in addition to determining which 
explanatory variables drove a particular prediction. 
Predictions start at a base value that is the expectation 
of the response variable. For binary classification models, 
this is defined by the proportion of outcomes by class (eg, 
the proportion of participants who successfully reduced 
their BP). Then, SHAP values attribute to each explan-
atory variable the change in expected model prediction 
given the addition of that explanatory variable. This 
provides insight into how much each explanatory vari-
able positively or negatively impacts the prediction made 
for each participant. The final prediction probability of 
whether the participant will achieve the response variable 

is the sum of the base value and all of the explanatory 
variable attributions.

Individual SHAP values can be used to provide specific 
behavioural feedback to participants, with the intent of 
motivating a change in behavioural pattern that may 
improve treatment outcomes. In particular, explana-
tory variables that are theoretically modifiable (such as 
minutes of exercise, or number of plant-based meals 
consumed) can be displayed to motivate changes, 
whereas fixed explanatory variables (such as baseline 
values) can be displayed to provide context. SHAP values 
for all participants can also be plotted to reveal the overall 
ranking of variables in the population studied. These vari-
able rank lists can then inform hypotheses about how to 
further improve the design of the digital therapeutic to 
optimise clinical outcomes.

All machine learning model development was done 
using open-source packages in Python. The packages 
include but are not limited to Scikit-Learn, SHAP, Pandas 
and Numpy.

Patient and public involvement
We did not directly involve patients or public involvement 
(PPI) in the current study. However, the digital thera-
peutic that is the source of the database used in this study 
was developed with PPI input over the product develop-
ment lifecycle.

RESULTS
Dataset
The training dataset contained 135 participants who met 
the inclusion criteria. The mean age was 54.9 years (95% 
CI 53.5 to 56.3), mean baseline BMI was 34.5 (95% CI 
33.1 to 35.8) and 83% (112/135) were women. Based 
on the 2017 American College of Cardiology/American 
Heart Association definition,26 half of the participants 
(68/135) had stage 1 hypertension at baseline, with the 
other half (67/135) having stage II hypertension at base-
line. Of those with stage 1 hypertension at baseline, 51.5% 
(35/68) had isolated diastolic hypertension (ie, diastolic 
BP 80–90 mm Hg). Of those with stage II hypertension at 
baseline, 14.9% (10/67) had isolated diastolic hyperten-
sion (ie, diastolic BP ≥89 mm Hg). On average, partici-
pants contributed three BP readings to the baseline value 
(95% CI 2.5 to 3.4) and 2.5 readings to the end-interven-
tion value (95% CI 2.2 to 2.9). Baseline characteristics are 
listed in table 1.

Over the intervention period examined, systolic BP 
changed by −12.7 mm Hg (95% CI −14.8 to 9.6), diastolic 
BP changed by −7.1 mm Hg (95% CI −9.0 to 5.2) and the 
mean duration of days between baseline and most recent 
value for BP was 79.3 days (95% CI 76.8 to 81.9). Of all 
participants, 35.6% (48/135) shifted to a BP range below 
stage I (<130/80). A shift to a normal range was seen in 
16.4% (11/67) of those starting with stage II hyperten-
sion and 29.4% (20/68) of those starting with stage I 
hypertension.
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Table 1  Participant characteristics at baseline

Participant characteristics
Total
(n=135)

Stage I BP
(n=68)

Stage II BP
(n=67)

Age (years), mean (95% CI) 54.9 (53.5 to 56.3) 55.7 (53.7 to 57.7) 54.2 (52.1 to 56.2)

Body mass index (kg/m2), mean (95% CI) 34.5 (33.1 to 35.8) 33.8 (31.9 to 35.6) 35.2 (33.2 to 37.2)

Female, n (%) 112 (83) 54 (79.4) 58 (86.6)

Systolic BP (mm Hg), mean (95% CI) 138.9 (136.2 to 141.6) 127.9 (126.1 to 129.7) 150.0 (146.6 to 153.5)

Diastolic BP (mm Hg), mean (95% CI) 87.8 (86.1 to 89.4) 82.3 (81.1 to 83.6) 93.3 (90.7 to 95.8)

Isolated diastolic hypertension, n (%) 45 (33.3) 35 (51.5) 10 (14.9)

BP medications (count), mean (95% CI) 1.3 (1.1 to 1.5) 1.2 (1.0 to 1.4) 1.4 (1.1 to 1.7)

BP, blood pressure.

Figure 1  Receiver operator characteristics (ROC) curves for machine learning model predicting systolic change (SC) and a 
model predicting SC without use of ongoing blood pressure data (SC-APP). AUC, area under the curve; FPR, false positive rate; 
TPR, true positive rate.

Predictive models
The random forest classifier achieved optimal perfor-
mance with 100 trees and a minimum of 3 samples per 
leaf node for the SC model. For the ER model, optimal 
performance was achieved with 400 trees and a minimum 
of 5 samples per leaf nodes.

Biomarker models were assessed at the operating point 
on each ROC that was as close as possible to an FPR of 
10%. The SC model (predicting an SC of 10 points) was 
assessed at an FPR of 10%, which means that 10% of 
participants who did not achieve a reduction in systolic 
BP of 10 mm Hg were labelled as though they had. Eval-
uating the model at 10% FPR, we were able to achieve a 
TPR of 58%. This means that 58% of participants who 
achieved a reduction in systolic BP of 10 mm Hg were 
labelled correctly. The AUROC was 0.82, model speci-
ficity (1 − FPR) was 90%, sensitivity (TPR) was 58% and 
accuracy ((TP+TN)/n) was 74%. In the SC-APP model, 
where variables related to changes in BP were removed, 
the AUROC was 0.72 and at an FPR of 10% (specificity of 
90%), the TPR was 42%. The resultant receiver operator 
curves for these two models can be seen in figure 1.

The biomarker models exploring the ability to predict 
a shift down to a BP range of elevated or better (ER and 
ER-APP) also demonstrated predictive capacity, but less 
so than the SC models. For the ER model, the AUROC 
was 0.69 and at an FPR of 9% the TPR was 32%. When the 
BP change variables were removed, in the ER-APP model, 
the prediction ability was only slightly above chance 
(AUC=0.53, TPR 26% at FPR of 12%).

Plots of the tree SHAP algorithm results for the SC and 
SC-APP models are shown in figure 2. Explanatory vari-
ables on the y-axis are ordered from most to least predic-
tive based on their average absolute contribution to the 
response variable. Each dot represents the SHAP value of 
that variable for one participant and the placement of the 
dots on the x-axis indicate if the contribution was subtrac-
tive or additive for a specific participant. The colour of 
the dot is indicative of the value for that variable, with 
highly positive values displayed as red and low or nega-
tive values showing up as light blue. The plot for the SC 
model reveals that explanatory variables related to BP 
were top contributors to the prediction. For example, the 
distribution of dots across the x-axis for the first variable 
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Figure 2  Shapley values illustrate how explanatory variables contribute to success meeting the response variable 
(improvement in systolic blood pressure (SBP) ≥10 mm Hg). The feature list down the y-axis is in order of contribution to the 
model (most to least). Each dot represents the value for one participant. SBP change and diastolic blood pressure (DBP) change 
are the difference in measurements from baseline to the end of the 28-day training period. BMI, body mass index; BP, blood 
pressure; SC, systolic change; SHAP, shapley additive explanation.

listed shows that improvements in systolic BP early in 
the intervention, as seen by the blue and purple dots to 
the right of 0 on the x-axis, contributed positively to the 
prediction that a participant would succeed. Behavioural 
variables also had predictive power. For example, a high 
count of physical activity minutes and plant-based meals 
reported positively contributed to a prediction of success 
for most participants.

Shapley values can be aggregated and illustrated for 
every participant. A plot of the SHAP values helps to visu-
alise which variables contributed most to a low or high 
prediction of success for an individual participant. In 
figure 3, we display the SHAP values for two participants, 
one with a lower than expected probability of success 
(example A), and one with a higher than expected prob-
ability of success (example B). In example A, the partic-
ipant experienced a large improvement in their systolic 

BP in weeks 3 and 4 (−14 mm Hg), yet is given a low prob-
ability of sustaining this improvement at the end of the 
intervention period. This surprisingly low probability is 
explained by the SHAP values, which reveal low counts 
for several behavioural explanatory variables, such as 
the number of plant-based meals and minutes of phys-
ical activity reported. These data can be automatically 
translated into a simple explanation to the participant, 
that their probability for sustaining meaningful change 
could be higher if they made incremental improvements 
in their meal and activity pattern. Furthermore, the exact 
number of additional meals and activity minutes to accrue 
per week to sufficiently increase the probability of success 
could be calculated, to motivate the participant and to 
give meaning to the additional efforts prescribed.

In example B, the participant has evidenced no improve-
ment in systolic BP at the end of week 4, yet they are 
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Figure 3  Shapley additive explanation (SHAP) values for explanatory variables for two participants. The SHAP value plotted on 
the y-axis indicates that amount the variable positively or negatively contributes to the prediction of success (the output value). 
The probability threshold (output value that assigns a prediction of success) is 0.66. BMI, body mass index; BP, blood pressure; 
DBP, diastolic blood pressure; SBP, systolic blood pressure.

predicted to meaningfully improve BP by the of the treat-
ment period. This unexpected prediction is explained by 
the SHAP values, which show that the combined impact 
of their baseline BP and behavioural explanatory vari-
ables suggests a high likelihood of success. These data 
can be automatically translated to provide timely encour-
agement to the participant to maintain or advance their 
behavioural changes even though their BP has not yet 
responded.

Discussion
In this paper, we present a proof of concept that digital 
biomarkers can be developed using even a small training 
dataset from a digital therapeutic. We demonstrated 
that 28 days of data can be transformed, using machine 
learning, into a digital biomarker that predicts the degree 
of treatment response, in this case whether a meaningful 
drop in BP will occur at the end of the treatment period.

There are many ways to use such a biomarker in practice 
to tailor behavioural treatment and improve outcomes. 
For a patient, these biomarkers can be used as a contin-
uous form of treatment feedback and behavioural rein-
forcement. The probability of a significant treatment 
response can be translated into a treatment score, much 
like a credit score. Since this score could be recalculated 
with every new engagement recorded in the digital ther-
apeutic, it would serve to motivate app use and reinforce 
healing behaviours. In addition, the biomarker output 
can be made more meaningful using explainable AI tech-
niques. For example, SHAP values can be translated into 
a prioritised list of behavioural actions to help a patient 
focus their attention on efforts that are most predictive 
of success.

For clinicians and health systems, digital biomarkers 
can function as a form of automated patient monitoring. 
The probability of a positive treatment response can 
be translated into a clinical alert by setting an accept-
able specificity−sensitivity threshold for each biomarker 
paired with a duration of time above this threshold. 
Like any diagnostic test, the performance characteristics 
of the alert should be made known to those acting on 
it. Since such an alert would be intended to influence 
treatment decisions, for example, via a clinical decision 
support tool, specificity−sensitivity pairs need to be eval-
uated from a risk−benefit perspective. For instance, how 
do the risks associated with false positives and false nega-
tives compare to the benefits of identifying true positives 
and true negatives? To accurately weigh these risks and 
benefits requires us to understand the context that the 
biomarker and therapeutics are used. Current clinical 
practice, for example, is plagued by high rates of clinical 
inertia (ie, a lack of timely and appropriate treatment 
decisions). Therefore, a higher FPR may be tolerated as a 
trade-off for an easier-to-access biomarker.

For a developer of digital therapeutics, digital 
biomarkers provide not just a way to personalise treatment 
and communicate clinical status to providers, but also a 
way to better understand what variables within the ther-
apeutic are most predictive of clinical outcomes. These 
data can be used to guide the ongoing refinement of a 
digital therapeutic. When datasets are of sufficient size, 
the machine learning techniques used to generate digital 
biomarkers can also be applied to identify distinct digital 
phenotypes, that is, unique patterns of engagement with 
a behavioural intervention that represent meaningful 
subpopulations who share the same diagnosis. Identifying 
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and targeting treatment to previously unknown subpop-
ulations is thought of as meaningful step towards more 
personalised medicine.16 41

Limitations, practical and ethical considerations
The main limitation of the work presented here is the 
size of the training dataset used. It is likely that a larger 
dataset would improve the performance characteristics 
of biomarkers tested.15 It is noteworthy, given this limita-
tion, that one of the biomarkers (SC) had an AUC greater 
than 0.8. This suggests the utility of beginning digital 
biomarker development early in the implementation of 
a digital therapeutic.

To lower the risk of prematurely taking patients off of 
medications, the digital biomarkers presented decreased 
the FPR (ie, a higher specificity), which resulted in a lower 
TPR (ie, a lower sensitivity). In this context, a lower sensi-
tivity means that the digital biomarker will fail to identify 
some successful individuals and as a result they may not 
have their medications reduced as promptly as possible. 
This means that the current performance of the digital 
biomarker does not fully obviate the need for traditional 
biomarkers or in-office visits.

Other limitations include the omission of known predic-
tors of treatment response (eg, time since diagnosis, medi-
cation adherence or change), the reliance on a small set 
of explanatory variables and the inclusion of self-reported 
variables that may be subject to human error. Addressing 
these limitations may enable more accurate biomarkers.

The ethical and practical implications of applying 
complex, ever-changing, predictive models generated 
by machine learning are only beginning to be appreci-
ated. To pre-empt potential misuse of digital biomarkers, 
we must understand the true meaning of the data these 
biomarkers present. For example, a predictive model can 
identify variables that are predictive of a given outcome. 
This does not mean highly predictive variables caused the 
outcome, nor does it mean that poorly predictive vari-
ables are not causative. Instead, the predictive strength of 
each variable should be treated literally as ‘markers’. This 
does not preclude the automated use of explanatory vari-
ables to guide the personalisation of behavioural therapy. 
However, since the individual level of each variable could 
be influenced by unknown confounding factors, and since 
the degree of modifiability of each variable is not known, 
the impact of this form of behavioural therapy must be 
studied.

Finally, like any biomarker, a digital biomarker is only 
generalisable if the training dataset is truly representative 
of future patients. If the training dataset is biassed or overly 
skewed, it may produce a biomarker that underperforms 
at best, and is harmful at worst. To guard against this bias, 
revalidation of a digital biomarker should be performed 
if the treatment population or digital therapeutic change 
substantially. And when applying these novel biomarkers, 
we must appreciate that unknown sources of bias may 
exist, so that we avoid over-reliance on such biomarkers.

Future work
There are three areas of work that will extend this initial 
phase of digital biomarker development. As research 
expands into larger clinical trials, it will enable the reval-
idation (often called external validation) and to some 
degree reconstruction of these biomarkers using larger 
training datasets, creating even more robust biomarkers. 
A larger dataset enables inclusion of other potentially 
predictive variables, such as demographics, sociomarkers 
or omics data, and splitting of the dataset into a training 
and test set to minimise overfitting. External validation 
also gives the end-users of the biomarker greater confi-
dence that the biomarker preforms well with varied indi-
viduals, settings or time of year.42–44

Second, it will be important to conduct an impact anal-
ysis to study whether the intended effects (eg, the improve-
ment of treatment outcomes) are actualised when these 
biomarkers are put into practice and to observe whether 
there are any unintended consequences. Alongside 
empirical research, software usability testing must ensure 
that the practical application of biomarkers is interpreted 
by both patients and clinicians in the intended manner.

Third, similar machine learning methods can be applied 
to develop digital biomarkers that estimate present physio-
logical status, for instance, current BP or fasting blood sugar. 
This will require a larger training dataset with frequent 
(ie, multiple times per week) measures of the ground 
truth (ie, resting BP, fasting blood sugar). A similar valida-
tion strategy can be used to determine the validity of the 
biomarkers with and without self-monitoring of the ground 
truth. Our aim is to develop cuff-less BP and stickless blood 
glucose biomarkers that would allow for more continuous 
patient care at a lower burden to patients and the health 
system. Our hypothesis is that these biomarkers will signifi-
cantly reduce clinical inertia, enhance behavioural therapy 
delivery and further empower patients and providers, 
meaningfully increasing treatment outcomes at both the 
patient and population level.

CONCLUSIONS
Machine learning can be used to transform data from a 
digital therapeutic into actionable digital biomarkers. In 
this paper, we present a successful proof of concept for a 
biomarker that uses 28 days of patient-generated data to 
predict a clinically meaningful response to digitally deliv-
ered behavioural therapy. Many practical and ethical consid-
erations arise in the development of digital biomarkers. 
Applying conventional clinical thinking to these novel 
computational processes provides the basis to identify 
and resolve these considerations. There is great potential 
to design digital biomarkers to enhance the delivery of 
medical care and improve treatment outcomes.
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