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OBJECTIVE

Sodium–glucose cotransporter 2 (SGLT2) inhibitors have well-documented cardi-
oprotective effects but are underused, partly because of high cost. We aimed to
develop a machine learning–based decision support tool to individualize the ath-
erosclerotic cardiovascular disease (ASCVD) benefit of canagliflozin in type 2
diabetes.

RESEARCH DESIGN AND METHODS

We constructed a topological representation of the Canagliflozin Cardiovascular
Assessment Study (CANVAS) using 75 baseline variables collected from 4,327
patients with type 2 diabetes randomly assigned 1:1:1 to one of two canagliflozin
doses (n = 2,886) or placebo (n = 1,441). Within each patient’s 5% neighborhood,
we calculated age- and sex-adjusted risk estimates for major adverse cardiovas-
cular events (MACEs). An extreme gradient boosting algorithm was trained to
predict the personalized ASCVD effect of canagliflozin using features most predic-
tive of topological benefit. For validation, this algorithm was applied to the
CANVAS-Renal (CANVAS-R) trial, comprising 5,808 patients with type 2 diabetes
randomly assigned 1:1 to canagliflozin or placebo.

RESULTS

In CANVAS (mean age 60.9 ± 8.1 years; 33.9% women), 1,605 (37.1%) patients
had a neighborhood hazard ratio (HR) more protective than the effect estimate
of 0.86 reported for MACEs in the original trial. A 15-variable tool, INSIGHT,
trained to predict the personalized ASCVD effects of canagliflozin in CANVAS, was
tested in CANVAS-R (mean age 62.4 ± 8.4 years; 2,164 [37.3%] women), where it
identified patient phenotypes with greater ASCVD canagliflozin effects (adjusted
HR 0.60 [95% CI 0.41–0.89] vs. 0.99 [95% CI 0.76–1.29]; Pinteraction = 0.04).

CONCLUSIONS

We present an evidence-based, machine learning–guided algorithm to personal-
ize the prescription of SGLT2 inhibitors for patients with type 2 diabetes for
ASCVD effects.

Sodium–glucose cotransporter 2 (SGLT2) inhibitors are a class of antihyperglycemic
agents with well-documented cardioprotective and renoprotective effects (1–11).
Across several trials in patients with type 2 diabetes, SGLT2 inhibitors have
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consistently reduced the incidence of
adverse atherosclerotic cardiovascular
(CV) disease (ASCVD) outcomes (2,7–9),
including death resulting from CV causes,
the composite of myocardial infarction/
stroke/death resulting from CV causes,
and hospitalization for heart failure, as
reflected in product labeling for the indi-
vidual agents in the class. However, the
uptake of these medications has remained
suboptimal (12). It has been estimated
that more than half of all patients with
type 2 diabetes are eligible for treat-
ment with SGLT2 inhibitors (13–15);
however, <10% of eligible patients in the
U.S. receive a prescription for an SGLT2
inhibitor (16–18), with the cost of these
medications representing a major barrier
to their wider use. A tool that identifies
individuals most likely to benefit from
SGLT2 inhibitor use is likely to increase
the societal benefit from SGLT2 inhibitors
in the setting of limited resources.

To date, >45,000 unique patients with
type 2 diabetes have been evaluated in
clinical trials, the results from which have
demonstrated cardioprotective effects of
SGLT2 inhibitors for a variety of CV clinical
outcomes (19). While there is modest to
high heterogeneity in effect estimates
across trials for death resulting from CV
causes and ASCVD composite outcomes,
subgroup assessments based on broad
clinical groups have not identified which
individual patients are most likely to ben-
efit from treatment (19). Nevertheless, a
focus on broad subgroups also cannot
define the effect for a given individual,
which is essential for precision care.

We recently developed and validated
an algorithm that enables phenotyping
of a clinical trial population based on
sets of prerandomization variables to
predict therapeutic response (20). Our
machine learning–based method proj-
ects each patient to a topological space,
an n-dimensional representation of all base-
line phenotypes, and defines for each
patient a unique neighborhood to calculate
personalized treatment effect estimates.

Here, we hypothesize that patients with
type 2 diabetes who were enrolled in the
Canagliflozin Cardiovascular Assess-
ment Study (CANVAS) testing the CV safety
and efficacy of the SGLT2 inhibitor canagli-
flozin exhibit differential effects based on
their complex phenotypical profile at base-
line (2). Using an evidence-based, machine
learning–guided approach, we developed
a decision support tool that can be used

to individualize the predicted effect of can-
agliflozin therapy on ASCVD outcomes and
validated its predictive value in an inde-
pendent cohort of patients enrolled in the
CANVAS-Renal (CANVAS-R) trial (2).

RESEARCH DESIGN AND METHODS

Data Source
We obtained participant-level data of the
CANVAS and CANVAS-R trials through the
Yale University Open Data Access Project
(project 2020-4553), which has an agree-
ment with Janssen Research & Develop-
ment, LLC. Briefly, CANVAS (Clinical trial
reg. no. NCT01032629, ClinicalTrials.gov)
was an international trial that recruited
patients with type 2 diabetes (HbA1c 7.0–
10.5% [53–91 mmol/mol]) who were ran-
domly assigned in a 1:1:1 ratio to receive
canagliflozin at a dose of 100 mg, 300
mg, or matching placebo (2). CANVAS-R
(Clinical trial reg. no. NCT01989754,
ClinicalTrials.gov) was a second random-
ized CV outcomes trial that was designed to
meet a postapproval CV safety regulatory
commitment (2). CANVAS-R randomly
assigned participants at 1:1 ratio to receive
canagliflozin (100 mg daily with an optional
increase to 300 mg starting from week 13)
or matching placebo.

Participants in both trials were men
and women who were either $30 years
of age with established ASCVD or $50
years of age with two or more ASCVD
risk factors, including duration of diabe-
tes of at least 10 years, systolic blood
pressure >140 mm Hg while receiving
one or more antihypertensive agents,
current smoker status, microalbuminu-
ria or macroalbuminuria, or HDL choles-
terol level of <38.7 mg/dL (1 mmol/L).
Detailed inclusion and exclusion criteria
are presented in the primary publica-
tion of the pooled results of the CAN-
VAS program (2). The Yale Institutional
Review Board approved the study and
waived the requirement for informed
consent for post hoc analyses of deiden-
tified data. We confirm that the present
study complied with the Declaration of
Helsinki.

Study Population and Covariates
We included all participants who received
at least one dose of investigational drug
(4,327 in CANVAS and 5,808 in CANVAS-
R). We captured patient characteristics at
trial enrollment and index/baseline visit,
including demographics (age, sex, race,

and ethnicity), anthropometrics (height,
weight, and BMI), vital signs (systolic and
diastolic blood pressure and heart rate),
ASCVD risk factors (hypertension, diabe-
tes, smoking status, and family history),
medical history (microvascular and mac-
rovascular complications of diabetes), lab-
oratory measurements (complete blood
count and differential, comprehensive
metabolic panel, glycated hemoglobin,
lipid panel, creatine kinase, urinalysis,
and urine microalbumin and creati-
nine), medications (antihyperglycemic
and other CV or LDL cholesterol–low-
ering medications), and electrocardio-
graphic parameters (rate and PR, QRS,
and QTc intervals) (Supplementary
Table 1 provides a detailed list). In
chronological order, we made the a
priori decision to use CANVAS as the
development (discovery) cohort and
CANVAS-R as an independent external
validation study to assess the validity
and generalizability of our observations.

Data Preprocessing
A total of 126 variables were reviewed
(Supplementary Table 1), and those
with >20% missingness (n = 35) were
excluded. To avoid collinearity of varia-
bles, we performed pairwise correlations
across variables, and wherever pairs
exceeded an absolute correlation coeffi-
cient of 0.7, we removed the variable
with the largest mean absolute correla-
tion across other pairwise comparisons
(n = 16), resulting in 75 included varia-
bles. We imputed missing data for these
75 selected variables using chained ran-
dom forests with predictive mean
matching (21). Following imputation, we
transformed continuous variables into
standardized scores (z scores) by sub-
tracting their mean and dividing by their
respective SD (Supplementary Material).

Study Outcomes
Consistent with the definitions of the trials
(2), our primary outcome was time to first
event of a composite of major adverse CV
events (MACEs), including death resulting
from CV causes, nonfatal myocardial
infarction, and nonfatal stroke.

Defining Phenotypical
Neighborhoods
We assessed the phenotypical similarity
of all individuals based on their pre-
randomization characteristics according
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to the Gower method, which computes
a metric of dissimilarity between two
data points (patient characteristics) that
takes into account both numerical (e.g.,
age) and nonnumerical data (e.g., history
of hypertension). In simple terms, lower
Gower distances suggest that two
patients are more alike (22). Similar to
our prior work (20), for each individual in
CANVAS, we defined a neighborhood
consisting of the 5% phenotypically most
similar participants, defined as those with
the shortest Gower distance from the
index patient. In additional sensitivity
analyses, we repeated our analysis for
neighborhoods of variable sizes (3%,
5%, 7.5%, 10%, 15%, 20%, 25%, and
50%), comparing risk estimates with our
default neighborhood size of 5%.

Individualized Risk Phenomapping
Within each patient-centered neigh-
borhood, we measured the associa-
tion of treatment with canagliflozin
versus placebo with the outcome of
interest using age- and sex-adjusted
Cox regression models, thus providing
individualized efficacy estimates based
on each patient’s unique neighbor-
hood. To favor a normal distribution of
risk estimates, we extracted the natu-
ral logarithmic transformations of the
hazard ratios (log HRs) from the Cox
models comparing canagliflozin treat-
ment with placebo within each pat-
ient’s neighborhood (with negative
values favoring treatment with cana-
gliflozin as more protective against the
primary outcome).
To visualize the phenotypical variation

in the CANVAS population and neigh-
borhoods, we used uniform manifold
approximation and projection, a data
visualization method that constructs a
two-dimensional representation of the
high-dimensional feature space (23). In
such an embedding, phenotypically simi-
lar patients tend to also be topologically
closer. We used color maps to visualize
the spatial distribution of the patient
baseline characteristics and neighborhood
log HR estimates in the phenomap.

Creating and Validating an Algorithm
to Identify High Responders to
Canagliflozin Treatment
To develop a decision support tool that
can best describe the observed hetero-
geneity in the treatment effects of cana-
gliflozin across the CANVAS trial, we

trained an extreme gradient boosting
algorithm (24) to predict the personal-
ized (neighborhood) log HRs of MACEs
with canagliflozin treatment (vs. pla-
cebo) using a subset of 46 variables
(Supplementry Table 1), selected based
on their availability across both CANVAS
and CANVAS-R.

Specifically, we constructed a regres-
sion task training the extreme gradient
boosting algorithm to identify the preran-
domization phenotypes most strongly
linked to the neighborhood-derived log
HR values (log HR values were winsorized
in the �2 to 12 range to avoid the
effects of outliers, as per our previous
methodology (20)). Given the continuous
dependent variable, model performance
was evaluated using root mean square
error as the loss function, where root
mean square error is defined as the
square root of the mean of the square
of all of the prediction errors (20). Opti-
mal hyperparameters (parameters whose
values are used to control the learning
process) were selected using a grid search
and fivefold cross-validation.

To allow interpretation of the predic-
tions of our model, we assessed feature
importance using SHAP (Shapley Additive
Explanations) values to identify the rela-
tive contribution of a predictor, either
positively or negatively, to the final pre-
diction (25). SHAP values are derived
from coalitional game theory and, in
simple terms, attempt to fairly distribute
the payout (prediction) among all players
(predictors). SHAP generalizes this to pre-
dictive modeling and quantifies the con-
tribution that each feature brings to the
prediction made by the model.

Additional details on the preprocess-
ing, setup of the training algorithm, and
hyperparameter tuning are presented in
the Supplementary Material.

To improve the practical application
of the model, we selected variables that
were most strongly associated with the
ASCVD effects of canagliflozin therapy
based on an SHAP feature importance
of $0.01, resulting in 15 features. We
retrained our model using this limited
set of variables, based on the same
approach described above, and named
the resulting model INSIGHT (Individual-
ized Cardiovascular Risk Reduction With
SGLT2 Inhibitors). In INSIGHT, a more
negative log HR (corresponding to HR of
<1) predicted a greater ASCVD benefit

with the use of canagliflozin compared
with placebo.

External Validation in CANVAS-R
We then applied the final model in the
CANVAS-R trial to provide patient-level
predictions of the expected CV effect of
canagliflozin. We assessed the unbiased
allocation of treatment by comparing
the risk predictions of expected ASCVD
effects between the canagliflozin and
placebo arms and evaluated the agree-
ment between the CV effects of canagli-
flozin among predicted high responders
and the actual (observed) ASCVD effects.
We defined high responders as those
individuals with a predicted benefit
greater than half an SD lower than the
average predicted response (log HR). We
evaluated this association using a treat-
ment × high versus low effect interaction
term in Cox regression models for the
time-to-ASCVD outcome. In sensitivity
analyses, we evaluated individuals in the
highest versus lowest tertiles of pre-
dicted response. We also repeated this
process with interaction terms between
treatment and traditional CV risk factors.
Finally, we retrained our model after
excluding variables that are not rou-
tinely measured in the management
of type 2 diabetes.

Browser-Accessible Decision Support
Tool
The final extreme gradient boosting
algorithm (INSIGHT) was deployed as
an interactive application by creating a
user interface (https://www.cards-lab.org/
insight) and deploying the model as an
R/Shiny app (version 1.6.0).

Statistical Analyses
Categorical variables are summarized
as numbers and percentages, and con-
tinuous variables as means and SDs or
medians and ranges, as appropriate.
Canagliflozin- and placebo-treated groups
were compared using Student t test for
continuous variables, with density plots
visualizing between-group differences.
Spearman r was used to assess the cor-
relation between continuous variables,
as appropriate. Survival analyses were
performed using Cox proportional hazards
regression and graphically presented as
unadjusted Kaplan-Meier plots with asso-
ciated risk tables. While neighborhoods
were matched on prerandomization
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covariates, we explicitly adjusted all
our Cox models for age and sex.

All statistical tests were two sided, with
a level of significance of 0.05 without cor-
rection for multiplicity of comparisons.
Analyses were performed using R (version
4.0.2) and Python (version 3.8.5). Report-
ing of the study design and findings stands
consistent with the STROBE (Strengthening
the Reporting of Observational Studies in
Epidemiology) guidelines (26).

RESULTS

Study Population
From CANVAS, we included the 4,327
study participants (mean age 60.9 ± 8.1
years; 1,467 [33.9%] women) who suc-
cessfully underwent random assignment
and received at least one dose of their
allocated treatment, which was either
canagliflozin (n = 2,886 [66.7%]) or pla-
cebo (n = 1,441 [33.3%]). Study partici-
pants received treatment for a mean of
4.3 ± 2.3 years and were followed up
for a mean of 5.7 ± 1.3 years, during
which a total of 626 primary (MACEs)
events were reported, including 303
deaths resulting from CV causes (from
478 total), 259 myocardial infarctions,
and 196 stroke events.

In CANVAS-R, 5,808 participants (mean
age 62.4 ± 8.4 years; 2,164 [37.3%]
women) received canagliflozin (n = 2,904
[50.0%]) versus placebo (n = 2,904
[50.0%]) for a mean active treatment
period of 1.8 ± 0.5 years. They were fol-
lowed for a mean period of 2.0 ± 0.4
years with 322 MACEs recorded, including
116 deaths resulting from CV causes
(among 205 death events), 129 myocar-
dial infarctions, and 130 stroke events.
The demographics and baseline character-
istics of the two trials are summarized in
Supplementary Table 2.

Phenomapping the CANVAS
Population of Type 2 Diabetes
We produced a phenomap of the
CANVAS trial population by defining pair-
wise distances between all trial partici-
pants based on the Gower dissimilarity
metric using 75 prerandomization phe-
notypical variables, followed by visualiza-
tion as a two-dimensional representation
using uniform manifold approximation
and projection. Visual assessment of the
risk phenomaps showed that the treat-
ment arms, which were randomly allo-
cated, appeared uniformly distributed in

the topological space (Fig. 1A). In con-
trast, baseline phenotypical variables,
such as sex (Fig. 1B), age (Fig. 1C), pres-
ence of coronary artery disease (CAD)
(Fig. 1D), glycated hemoglobin levels (Fig.
1E), and heart failure history (Fig. 1F) were
heterogeneously distributed in the topolog-
ical manifold, reflecting distinct neighbor-
hoods characterized by different combi-
nations of these baseline phenotypes.

Detecting Treatment Effect
Heterogeneity With Canagliflozin
Treatment
Using the manifold representation shown
in Fig. 1, we defined 4,327 neighbor-
hoods, around each trial participant, and
for each one, we calculated age- and sex-
adjusted risk estimates of MACEs with
canagliflozin therapy versus placebo.
Moving from larger neighborhoods
(e.g., 50, 25, 20, and 15% of all partici-
pants) (Supplementary Fig. 1A–D) to
smaller neighborhoods (e.g., 10, 7.5, 5,
and 3% of all participants) (Supplementary
Fig. 1E–H) uncovered treatment effect het-
erogeneity that was nonuniformly distrib-
uted in the phenotypical space.

We focused on 5% neighborhoods
that enabled the analysis of smaller,
more homogenous populations sur-
rounding individuals and correlated well
with risk estimates derived from 3 (r =
0.72; P < 0.001), 7.5 (r = 0.77; P <
0.001), and 10% neighborhoods (r =
0.65; P < 0.001), as opposed to larger
neighborhood sizes (r = 0.12; P < 0.001
for a 50% neighborhood size). There was
a wide distribution in neighborhood-spe-
cific risk estimates, with a median log HR
of �0.01 and a 25th–75th percentile
range of �0.28 to 0.28 (Fig. 2A). In total,
1,605 (37.1%) patients had a lower neigh-
borhood HR than the overall effect esti-
mate of 0.86 (log HR �0.15) for
canagliflozin versus placebo reported in
the original CANVAS trial (Fig. 2B) (2). Of
note, the topological distribution of the
treatment effect heterogeneity did not
match that of any of the major CV or
demographic profiles shown in Fig. 1.

Individualized Treatment Effect
Estimates Based on Risk Phenomaps
To uncover the baseline phenotypes that
were most strongly associated with the
observed heterogeneity in the ASCVD
effects of canagliflozin therapy, we trained
and internally validated in CANVAS an
extreme gradient boosting algorithm that

predicts a patient’s neighborhood hazard
(log HR) based on a set of 46 baseline
phenotypical variables, also collected
in CANVAS-R (Supplementary Material).
SHAP analysis (Fig. 3) revealed retinopa-
thy, CAD, race, history of smoking,
dyslipidemia, female sex, hypertension
history, HDL cholesterol levels, BMI, cir-
culating creatine kinase levels, kidney
function based on estimated glomerular
filtration rate, Hispanic/Latino ethnicity,
and neuropathy as the most important
predictors of the individualized ASCVD
effect of canagliflozin therapy.

INSIGHT: A Tool to Individualize the
Predicted ASCVD Effects of
Canagliflozin in Type 2 Diabetes
We then trained an extreme gradient
boosting tree algorithm on the subset of
the 15 most important features (shown
in Fig. 3) to derive the INSIGHT tool
(Supplementary Fig. 2), with an internal
cross-validation root mean square error
of 0.46. Application of INSIGHT in the
independent external validation set of
the CANVAS-R trial demonstrated that
there was no significant difference in the
predicted individualized effects of cana-
gliflozin therapy between the canagliflo-
zin and placebo arms, consistent with
the random allocation of these treat-
ments and the reliance of the decision
support tool on baseline, prerandomiza-
tion phenotypes (Fig. 4A). Individuals
with the highest INSIGHT-predicted ASCVD
benefit had a lower ASCVD risk when
treated with canagliflozin compared with
placebo (adjusted HR 0.60 [95% CI 0.41–
0.89]), a significant difference compared
with the rest of the CANVAS-R participants
in whom canagliflozin therapy showed no
significant ASCVD effects for the primary
MACE composite outcome (adjusted HR
0.99 [95% CI 0.76–1.30]; Pinteraction = 0.04)
(Fig. 4B–D).

Sensitivity Analyses
These findings were robust to alterna-
tive definitions of high response, includ-
ing individuals in the highest (adjusted
HR 0.65 [95% CI 0.45–0.95]) versus low-
est tertile (adjusted HR 0.97 [95% CI
0.74–1.27]) of INSIGHT-predicted effects.
Of note, traditional ASCVD risk factors,
such as sex (Pinteraction = 0.34), age ($65
vs. <65 years; Pinteraction = 0.73), CAD
(Pinteraction = 0.73), heart failure (Pinteraction
= 0.77), retinopathy (Pinteraction = 0.58),
or chronic kidney disease (estimated
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glomerular filtration rate $60 vs. <60
mL/min/1.73 m2; Pinteraction = 0.55), could
not reliably identify which individuals
were most likely to derive ASCVD benefit
from canagliflozin therapy. Moreover,
there was no significant difference in the

risk of serious adverse events or serious
adverse events requiring drug discontin-
uation between predicted high and low
responders (Supplementary Table 3).
Finally, an alternative version of the
INSIGHT tool that did not include

creatine kinase levels (which may be
missing or hard to obtain in routine
practice) maintained its ability to
identify patient subgroups deriving
differential ASCVD benefit from canagli-
flozin therapy (Supplementary Fig. 3).

Figure 1—Phenotypical architecture of the CANVAS trial. Graphs illustrate a manifold representation of all 4,327 participants included in CANVAS
(each dot represents a CANVAS participant). Patients are distributed in the topological space based on dissimilarity metrics (Gower distance)
derived from 75 prerandomization variables; therefore, phenotypically similar individuals tend to be topologically closer. A: Visualization of treat-
ment arm allocation demonstrates a random distribution of canagliflozin and placebo in the topological space. B–F: In contrast, sex (B), age (C),
CAD (D), glycated hemoglobin (E), and heart failure history (F) demonstrate nonuniform distribution, reflecting the topological representation of
patients according to their baseline phenotypes. It should be noted that because the dimensionality reduction is nonlinear, axes have been omit-
ted, and only the comparisons between distances are meaningful.
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CONCLUSIONS

Using two clinical trials that evaluated
the CV safety and efficacy of the SGLT2
inhibitor canagliflozin in patients with
type 2 diabetes, we developed and vali-
dated a novel machine learning–based
tool that leverages the phenotypical
diversity of patients and enables a more
personalized assessment of the pre-
dicted ASCVD effects with canagliflozin
therapy in patients with type 2 diabe-
tes. Our algorithm constructed a high-
dimensional topological representation
of the CANVAS trial population using
the full breadth and complex interrela-
tionship of recorded baseline phenotyp-
ical information. In a series of in silico
experiments, each CANVAS trial partici-
pant formed the center of his or her
own unique cluster, surrounded by the
phenotypically most similar patients,
thus enabling the extraction of person-
alized estimates of ASCVD effects in
neighborhoods. Using machine learning,
we identified the baseline phenotypes
that were most strongly associated with
the individualized ASCVD effects of can-
agliflozin therapy and constructed a 15-
variable tool, named INSIGHT, to extrap-
olate these observations to different
populations. We validated INSIGHT in the
independent CANVAS-R study, where

INSIGHT reliably identified patient pheno-
types that derived greater ASCVD benefit
from canagliflozin therapy.

Unlike traditional subgroup analyses
that use categorical subgroups across a
single phenotypical axis, such as use of
specific medications (diuretics and b-block-
ers) or baseline risk profiles (2,19), our
method treats the phenotypical spectrum
as a multidimensional continuum, enabling
the algorithm to discover inherent patterns
in the data rather than relying on provider
assumptions. Moreover, the approach
does not rely on assumptions about high
absolute risk to identify broad groups of
patients likely to benefit from therapy;
rather, it focuses on individualized aggre-
gate estimates of expected relative risk
reduction from the intervention com-
pared with the placebo. As such, the
approach complements prior studies that
have modeled the absolute CV risk in
type 2 diabetes (27,28) by providing a
personalized estimate of the extent to
which an individual’s ASCVD risk may be
modifiable through SGLT2 inhibition.

Using a machine learning approach,
our algorithm performed an unbiased
ranking of all recorded baseline phe-
notypes and identified microvascular
complications (e.g., retinopathy and
neuropathy), macrovascular compli-

cations (e.g., CAD and heart failure),
baseline kidney function, traditional
ASCVD risk factors (e.g., dyslipidemia,
hypertension, HDL levels, and obe-
sity), but also sex, ethnicity, and race,
as the most important predictors of
ASCVD effects with canagliflozin ther-
apy. These findings highlight a complex
interrelationship between a patient’s
demographic and clinical profiles as a
major driver of the benefit seen from
canagliflozin therapy. Adding to the
external validity and robustness of our
method, INSIGHT, a tool trained in CAN-
VAS based on the 15 key predictors of
ASCVD effects, reliably identified which
individuals were most likely to benefit
from canagliflozin therapy in the exter-
nal, independent CANVAS-R trial, a study
that chronologically followed CANVAS.

Most importantly, our approach lev-
erages the phenotypical diversity in
randomized clinical trials to define a
precision therapeutic strategy. While
precision medicine was conceived as
an approach that ensures best patient
outcomes through the selection of effec-
tive therapies, defining such therapeutic
options has focused on biological mecha-
nisms and dedicated genomic or bio-
marker evaluation (29–32), with associated
burden on health care resources. Our

Figure 2—ASCVD benefit phenomaps of canagliflozin therapy in patients with type 2 diabetes. A: Graphical representation of the individualized
neighborhood-derived hazards for major adverse cardiac events with canagliflozin therapy versus placebo demonstrates distinct topological and
therefore phenotypical neighborhoods that benefit most from canagliflozin, which are scattered across different areas of the phenotypical mani-
fold. B: In additional analyses, 1,605 (37.1%) patients had a lower individualized neighborhood HR than the overall HR estimate of 0.86 reported in
the original CANVAS trial. Taken together, these phenomaps demonstrate that individuals deriving the greatest atherosclerotic benefit from cana-
gliflozin use have complex phenotypical profiles that are not adequately described by a single phenotypical variable.
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Figure 3—SHAP feature importance for the individualized ASCVD effects of canagliflozin in patients with type 2 diabetes. To offer some insight into
the contribution of each variable, we used an SHAP summary plot, in which the y-axis represents the independent predictors (in descending order
of importance), and the x-axis indicates the change in the prediction for each patient (as represented by a dot). The gradient color denotes the orig-
inal value for that variable (e.g., for categorical variables such as hypertension or diabetes, it only takes two colors, whereas for continuous varia-
bles, it contains the whole spectrum), with each point representing an individual from CANVAS. More negative SHAP values (left on the x-axis)
indicate a higher ASCVD benefit with canagliflozin therapy versus placebo. The top 15 most important variables (with importance of $0.01) were
used to create the INSIGHT tool. eGFR, estimated glomerular filtration rate.
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approach expands the concept of preci-
sion medicine to a deeper understanding
of clinical characteristics, which are read-
ily available and therefore applicable to
a larger portion of the population, inte-
grating both nature and nurture to link
distinct patient phenotypes to heteroge-
neous treatment effects. Through valida-
tion in a distinct clinical trial population,
our approach also demonstrates repro-
ducibility, generalizability, and clinical
value. We therefore view this approach

as a new way to inform the implementa-
tion of results from clinical trials, form-
ing a bridge between the population-
level inference on treatment effective-
ness and the individualized application
of trial results to inform therapeutic
decision making. To further facilitate
the translation of our findings, we
have decided to make the INSIGHT
online decision support tool freely
accessible for future research use
(Supplementary Fig. 4) (33).

Our study should be interpreted con-
sidering the following limitations. First,
variation in effect estimates drawn from
topological analyses around individual
patients may be prone to random varia-
tion. However, our approach focused on
deriving features that consistently
define participation in neighborhoods
with the strongest canagliflozin treat-
ment effects. Second, the findings pre-
sented here do not necessarily apply to
different SGLT2 inhibitors or patients

Figure 4—External validation of INSIGHT to individualize the prediction of ASCVD effects of canagliflozin therapy in patients with type 2 diabetes.
A: Density plot of predicted log HR distributions in the canagliflozin and placebo arms of CANVAS-R, the external validation cohort. B–D: HRs (and
95% CIs) of MACEs in canagliflozin versus placebo, based on categories of predicted benefit (B), with cumulative incidence of MACEs in patients
with high predicted benefit (C) and low predicted benefit (D).
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with low atherosclerotic CV disease risk
and should not be used to guide the
use of other novel antihyperglycemic
therapies, such as glucagon-like peptide
1 analogues. Similarly, they may not gen-
eralize to patient populations that were
underrepresented in the original studies,
such as Black individuals, who formed
�3.3% of the CANVAS population. Third,
results from the present study do not
represent a justification to restrict the use
of canagliflozin to specific groups, but
instead, they define a strategy to identify
patients most likely to benefit from cana-
gliflozin in resource-limited settings. In
the absence of mechanistic data, it is pos-
sible that clinical variables function as sur-
rogates for other biological or even social
determinants of personalized benefit. For
instance, retinopathy may flag microvas-
cular disease in type 2 diabetes, which
has been shown to benefit from SGLT2
inhibition (34–36), whereas demographic
characteristics may be associated with dif-
ferences in medication adherence. How-
ever, these assertions could not be tested
based on the available data. Fourth, to
ensure consistency with the original trials,
we chose the original primary outcome
as our outcome of interest, thus excluding
heart failure hospitalizations or progres-
sion of kidney disease from our assess-
ments, outcomes consistently improved
across this class of medications. Finally,
the complexity of the model structure
makes it hard to describe how the algo-
rithm functions at each level. However, to
promote explainability in our models, we
used the SHAP method to quantify the
importance of each feature and devel-
oped an online platform for interested
parties to interact with our decision sup-
port tool.
In conclusion, we developed a machine

learning–guided, evidence-based tool,
INSIGHT, to personalize the consideration
for canagliflozin based on prediction for
optimizing the ASCVD benefit among
patients with type 2 diabetes with or at
high risk for ASCVD. This individualized
approach to evidence synthesis may rep-
resent a strategy to maximize the benefits
of novel therapeutics and may be a valu-
able adjunct to inform shared decision
making in clinical practice.
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