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Abstract 

Background Individuals with type 2 diabetes (T2D) have a high prevalence of cardiovascular and renal comorbidi-
ties. Despite clinical practice guidelines recommending the use of cardiorenal protective medications, many people 
with T2D are not prescribed these medications. A clinical decision support system called Exandra was developed 
to provide treatment recommendations for individuals with T2D based on current clinical practice guidelines 
from Diabetes Canada. The current study aimed to medically validate Exandra via review by external medical experts 
in T2D.

Methods Validation of Exandra took place in two phases. Test cases using simulated clinical scenarios and recom-
mendations were generated by Exandra. In Phase 1 of the validation, reviewers evaluated whether they agreed 
with Exandra’s recommendations with a “yes,” “no,” or “not sure” response. In Phase 2, reviewers were interviewed 
about their “no” and “not sure” responses to determine possible reasons and potential fixes to the Exandra system. 
The primary outcome was the precision rate of Exandra following the interviews and final adjudication of the cases. 
The target precision rate was 90%.

Results Exandra displayed an overall precision rate of 95.5%. A large proportion of cases that were initially labeled 
“no” or “not sure” by reviewers were changed to “yes” following the interview phase. This was largely due to the vali-
dation using a simplified user interface compared with the complexity of the actual Exandra system, and reviewers 
needing clarification of how the outputs would be displayed on the Exandra platform.

Conclusion Exandra displayed a high level of accuracy and precision in providing guideline-directed recommenda-
tions for managing T2D and its common comorbidities. The results of this study indicate that Exandra is a promising 
tool for improving the management of T2D and its comorbidities.
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Background
Individuals with type 2 diabetes (T2D) have a high preva-
lence of cardiovascular and renal comorbidities [1, 2]. 
Recent guidelines for the treatment of T2D now include 
the use of cardiorenal protective medications such as 
sodium-glucose cotransporter-2 inhibitors (SGLT2is) 
and glucagon-like peptide-1 receptor agonists (GLP-
1RAs) [3–5]. SGLT2is are oral anti-hyperglycemic med-
ications that have also been shown to have weight loss, 
antihypertensive, cardiovascular, and cardiorenal benefits 
[4, 6, 7]. GLP-1RAs have similarly been shown to reduce 
the rate of major adverse cardiovascular events, in addi-
tion to reducing weight, blood pressure, and inflamma-
tion [8]. Despite this, most individuals with T2D who 
are at increased risk of cardiovascular and renal com-
plications do not receive SGLT2is or GLP-1RAs [9]. 
In one US study, less than 2% of individuals with T2D 
were treated with either an SGLT2i or GLP-1RA [10]. 
Most participants in the study were treated with insulin 
(41%), biguanides (20%), sulfonylurea (9%), and dipep-
tidyl peptidase-4 (DPP-4) inhibitors (6%). Possible rea-
sons for the lack of adherence to diabetes guidelines as 
a whole include lack of reimbursement, time constraints, 
the need for individualized treatment, insufficient human 
resources, and therapeutic inertia [11–13].

For a time-constrained general practitioner, consoli-
dating numerous guidelines to make clinical decisions 
is challenging. This is particularly true for cardiovascu-
lar disease, where overall or absolute risk assessment is 
recommended, and simultaneous management of multi-
ple risk factors and complications is required. Surveyed 
physicians have reported that electronic therapy deci-
sion support may help increase guideline-directed care 
[14]. Clinical Decision Support Systems (CDSSs) are a 
promising solution that can inform and assist healthcare 
professionals in keeping up-to-date with the latest clini-
cal practice guidelines [15, 16]. A number of CDSSs have 
been developed with the goal to improve diabetes and 
cardiovascular risk management [16–21]. CDSSs have 
been shown to reduce hospitalizations [17], improve risk 
management [18, 19], provide better care in low-income 
settings [20], and improve quality of treatment while 
reducing cost [21].

Exandra is a standalone, web-based CDSS, designed 
to assist healthcare professionals in making informed 
treatment decisions for individuals with T2D. The tool’s 
algorithms are designed to receive clinical and labora-
tory parameters and provide personalized therapeutic 
recommendations based on integrated local guidelines 
to achieve glycemic targets and cardiorenal protection 
in non-hospitalized people. Healthcare professionals can 
independently review the basis for each recommendation 
and make informed decisions regarding the treatment 

of the individual. This study aimed to validate Exandra 
and ensure it was medically accurate prior to launch via 
expert medical review.

Methods
Development of the decision engine
Exandra operates as a knowledge-based CDSS, using a 
multi-component decision engine that was built through 
collaboration between medical experts and an engineer-
ing team from Boehringer Ingelheim (BI) and its digital 
lab. Internal medical experts acquired data to build the 
engine from official reference guideline chapters pub-
lished by Diabetes Canada, as well as a number of sec-
ondary sources (see Supplementary Table S1 for full list 
of references). Patient parameters were defined using 
guideline information (see Supplementary Table  S2 for 
full list of patient parameters), and treatment recommen-
dations associated with every combination of parameters 
(i.e., clinical scenarios) were extracted from guideline 
texts to form an exhaustive set of decision rules. A sec-
ond BI expert verified and approved the process at every 
step.

The engine was divided into separate blocks called 
chapters, representing the therapeutic areas covered by 
Exandra. The chapters were: 1. Glycemic management, 
2. Dyslipidemia, 3. Blood pressure control, and 4. Anti-
platelet therapy. Each chapter was segmented into differ-
ent types of rules, detailed in Fig. 1. The Main Rules were 
classified into clusters that were allocated to a defined 
group of clinical scenarios. Main Rules were those that 
processed currently taken medications and generated 
drug recommendations based on a combination of clini-
cal parameters. Figure 1 details each of the drug recom-
mendations generated by Main Rules. Safety Rules and 
Inter-Chapter Rules were used to modify recommenda-
tions for safety reasons both within and between chapters 
(e.g., for drug–drug interactions or contraindications). 
Feedback Rules displayed clinical hints tailored to each 
patient’s drug regimen and clinical conditions. Master 
Rules were those that could overrule other rule types 
and captured instructions not formalized to allow for 
a declarative definition. Recommendation Type Rules 
determined the type of recommendations (i.e., “by addi-
tion” or “by replacement”) and Treatment Aim Rules 
specified the aim of the suggested treatments (i.e., “for 
cardiorenal protection” or “for glycemic control”) by 
generating a message on the user interface. Exandra also 
encompassed other types of logic to generate information 
such as dose recommendations, renal dose adjustments, 
and verifying the validity of inputs. Exandra only recog-
nized medicinal substances, rather than pharmaceutical 
products, and was brand agnostic. Medicinal substances 
were classified into medication classes.
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Figures  2A and B present the user interface of Exan-
dra and example patient cases. The recommendations 
generated by the decision engine were based on official 
references published by Canadian professional non-
profit organizations such as Diabetes Canada. For each 
recommendation, the engine provided a complete list of 
references to enable independent appraisal of the con-
tent (Fig.  2A). The Diabetes Canada Clinical Practice 
Guidelines were regarded as the primary source, and if 
required, secondary sources and product monographs 
available in Canada were consulted and cited as support-
ing evidence. On rare occasions, the Diabetes Canada 
Clinical Practice Guidelines would not provide a univo-
cal treatment recommendation. Gray areas in the body 
of knowledge were bridged by expert opinion from col-
laborating specialists appointed by Diabetes Canada. See 
Supplemental Methods for a list of references used for 
the development of Exandra per chapter.

Technical validation
For technical validation of the engine, the engineering 
team collaborated closely with the medical experts so 
that the algorithmic descriptions authored by the experts 
could seamlessly be converted into a computable format, 

and the engineers could provide testing tools to allow 
medical experts to verify them. Established software 
engineering practices were followed to produce quality 
code, including employing a quick feedback cycle, run-
ning automated tests on every build, peer review of all 
code changes, and a continuous integration pipeline. To 
verify that the engine performed as expected, the engi-
neers completed a set of tests confirming that basic types 
and mechanisms for the engine worked. Under supervi-
sion of the medical experts, the engine framework was 
designed and implemented to generate random test 
cases.

Test case generation
Exandra was validated to verify its accuracy via review 
by medical experts from the development team, as well 
as independent experts appointed by Diabetes Canada. 
A summary of the methodology is provided in Fig. 3. To 
do this, each chapter of the decision engine was validated 
through simulated clinical scenarios and their Exandra-
generated recommendations, referred to as test cases. 
A test case consisted of: 1. A random combination of 
chapter-specific patient clinical parameters generated 
by a random case generator, and 2. Recommendations 

Fig. 1 Rules used by Exandra and recommendations generated by Main Rules

Fig. 2 A and B Screenshots of user interface presenting examples of Exandra recommendation outputs. ASCVD, atherosclerotic cardiovascular 
disease; BP, blood pressure; CKD, chronic kidney disease; CV, cardiovascular; DPP-4, dipeptidyl peptidase 4; eGFR, estimated glomerular filtration rate; 
GLP-1, glucagon-like peptide-1; HbA1c, glycated hemoglobin; HDL-C, high-density lipoprotein cholesterol; HF, heart failure; HHF, hypertensive heart 
failure; LDL-C, low-density lipoprotein cholesterol; MACE, major adverse cardiovascular event; M, male; non-HDL-C, non-high-density lipoprotein 
cholesterol; SGLT2, sodium-glucose transport protein 2

(See figure on next page.)
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Fig. 2 (See legend on previous page.)
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generated by the Exandra decision engine (also called 
“prediction labels”).

To generate medically plausible test cases, con-
straints were defined for the values that clinical 
parameters could assume and possible numbers and 
variations of medications. A random case generator 
followed the constraints and ensured statistical ran-
domness was achieved. The required number of ran-
dom cases needed to achieve target confidence interval 
(CI) was determined, and this number of case inputs 

was generated by the random case generator. To form 
complete test cases, recommendations were generated 
by Exandra for each random input, and both random 
case inputs and their respective recommendations were 
recorded as full test cases. For each chapter, a baseline 
test suite was created, and automated test suites were 
run for each build of Exandra and compared against the 
baseline recommendations to verify that the case rec-
ommendations did not change unless desired and med-
ically reviewed.

Fig. 3 Methodology of Exandra validation. *PP cases are those that have been generated by Exandra for external expert validation. †PN cases are 
generated test cases that have been manually converted into false cases by swapping and altering the treatment recommendations generated 
by Exandra to ensure the contents did not conform with guideline recommendations. DM, diabetes mellitus; HbA1c, glycated hemoglobin;  
PN, predicted negative; PP, predicted positive; TP, true positive
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Internal expert validation
The first step toward validating the accuracy of Exandra 
was the internal validation phase. Two medical experts 
independently reviewed a set of 950 random test cases for 
medical accuracy. The experts cross-referenced all com-
ponents of the test cases with cited references to deter-
mine whether generated outputs were medically correct 
and aligned with their expectations. The target precision 
level for this phase of review was 100% in all chapters 
(i.e., no disagreement with the references/guidelines). 
Any level of inaccuracy was marked and documented, 
and for each issue, a fix was devised, and the engine was 
amended. After each engine fix, the same test cases were 
generated and reviewed, and this reiterative process was 
continued until 100% accuracy was reached.

External expert validation
In the second step toward validation, independent 
reviewers from Diabetes Canada reviewed test cases 
and assessed whether the treatment recommenda-
tions generated by Exandra’s engine were in line with 
the guidelines. For this evaluation, a new set of ran-
dom test cases was generated, called predicted posi-
tive (PP) cases. To estimate the rate of reviewer error 
and control for subjectivity or bias, 5% of the gener-
ated test cases were manually converted into false 
cases (referred to as predicted negative [PN] cases) by 
swapping and altering the treatment recommendations 
generated by Exandra to ensure the contents did not 

conform with guideline recommendations. These PN 
cases were equally and randomly distributed along with 
the PP cases presented to the reviewers. The label of PN 
or PP was visible to the experimenters only, and not to 
the external reviewers.

External validation took place in two phases: 1. 
Online validation performed by the reviewers, and 2. 
Post-hoc moderated validation. In Phase 1, cases were 
presented to the reviewers in a user-friendly format 
accessible online. Each test case was presented consec-
utively so the reviewer had to submit an answer prior to 
viewing the next case. All reviewers received standard-
ized instructions on how to complete the assessment 
in a face-to-face onboarding session. Reviewers were 
instructed to respond to each test case with “yes”, “no”, 
or “not sure”. A “yes” answer indicated the reviewer 
assessed the recommendation as consistent with the 
Diabetes Canada guidelines. A “no” answer meant 
significant or complete disagreement of the reviewer 
with the recommendations generated by Exandra. A 
“not sure” answer was used if the reviewer could not 
tell whether a recommendation was correct due to 
insufficient information for adjudication. If a reviewer 
answered “no” or “not sure” they were required to pro-
vide a comment about which parts of the recommenda-
tion they disagreed with, and their rationale. Providing 
notes or clarifications was optional for “yes” answers 
(Fig.  4). Reviewers were encouraged to use the Dia-
betes Canada guidelines to support their judgments 

Fig. 4 Example of the evaluation form answer flow diagram. P1-P6 refer to different parts of the recommendation. CKD, chronic kidney disease; 
CVD, cardiovascular disease; eGFR, estimated glomerular filtration rate; GLP 1, glucagon-like peptide 1; HbA1c, glycated hemoglobin;  
HF, heart failure; SGLT2, sodium-glucose transporter 2
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and comments. All responses were anonymized and 
securely stored for further quantitative and qualitative 
analyses.

In Phase 2, reviewers participated in an open-ended 
interview about their “no” or “not sure” responses to 
understand the rationale behind the ratings and revise 
the adjudication if applicable. In order to showcase the 
functions of the system and minimize the possibility of 
misunderstanding of the study protocol or how Exan-
dra works, a live demo of Exandra was presented prior 
to the interviews. Each “no” or “not sure” case was criti-
cally discussed, and reviewers were given the option to 
alter their initial adjudication in any way they saw fit. 
Responses during the interviews were documented, 
and post-interview “yes,” “no,” and “not sure” responses 
were considered the final results of the validation study.

Details of how the required sample size of test cases 
was calculated are provided in the Supplementary 
Methods. A total of 1000 random test cases were gen-
erated, including 271 test cases from each of the larger 
chapters (1–3), 101 cases from the smaller chapter (4), 
and 86 additional “buffer” test cases evenly distributed 
among the chapters to bring the total to 1000. Fifty 
cases (5%) were manually converted to PN cases, and 
the remaining 950 cases were PP. Each reviewer was 
presented with 50 cases to independently review (with 
the exception of two reviewers, who were presented 
with 100 cases each). Each reviewer received cases 
from one chapter only, based on their area of expertise.

Those PP cases that were accepted by the reviewers as 
correct were considered the “true positive” (TP) cases 
(Table  1). The primary outcome was the precision after 
the final adjudication, defined as the proportion of TP 
cases out of PP cases: Precision = TP/PP = TP/(TP + false 
positive [FP]). The target precision level for the external 
validation stage was 90% or more in all chapters, based 
on the acceptance rate of other diabetes CDSSs in the 
literature [22]. The secondary outcome was the propor-
tion of PN cases in which the reviewers agreed with the 
incorrect treatment recommendation (true negative, 
TN); this was the reviewer error rate (also called negative 
predictive value) = TN/PN. The accuracy of Exandra was 
defined as (TP + TN) / total cases.

Results
Generation and assignment of test cases
Of the 914 required test cases, 30% were from each of 
Chapters 1–3, and 10% were from Chapter 4. The 86 addi-
tional “buffer” cases were evenly distributed among the 
chapters. Five percent of the 1000 total test cases (i.e., 50 
cases) were randomly selected and manually converted 
to PN cases (15 cases in each of Chapters  1–3 and five 
cases in Chapter 4). There were 18 participating external 
reviewers, and each received a link to access cases from a 
single chapter, assigned based on their area of expertise 
(16 reviewers received 50 cases each, and two review-
ers received 100 each). Table 2 presents the numbers of 
PP and PN test cases generated per chapter. There was a 

Table 1 Matrix showing the definition of PP, TP, and FP test cases

DC Diabetes Canada, FP false positive, PP predicted positive, TP true positive

Actual positive (according to DC after  
final adjudication)

Actual negative (according to DC after  
final adjudication)

PP (used for the calculation of  
precision)

TP (the reviewer agreed with Exandra’s prediction 
of a positive case, “yes”)

FP (the reviewer disagreed with Exandra’s prediction 
of a positive case, “no”)

Table 2 Test cases generated for external validation study

PN predicted negative, PP predicted positive

Study Phase Total Chapter 1. Glycemic 
management

Chapter 2. 
Dyslipidemia

Chapter 3. Blood 
pressure control

Chapter 4. Anti-
platelet therapy

Phase 1 (online validation)
 Random test cases (PP) 950 282 282 282 104

 Test cases converted to PN 50 15 15 15 5

 Total 1000 297 297 297 109

Phase 2 (post-adjudication/final)
 Missing 4 4 0 0 0

 Final valid n 996 293 297 297 109

 Final valid % of all cases 100 29 30 30 11
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total of 950 PP and 50 PN cases. After the final adjudica-
tion, there were four cases in which the reviewers’ labels 
were missing (all were PP cases from Chapter 1), result-
ing in a total of 996 cases.

Phase 1 (online validation)
Prior to the qualitative interview, reviewers labeled the 
cases with either “yes” to indicate they agreed with Exan-
dra’s recommendation, “no” to indicate they did not agree 
with the recommendation, or “not sure” if they were 
unsure about the recommendation. Among the 950 PP 
cases, a total of 556 were labeled “yes”, 259 were “no”, and 
135 were “not sure” (Table  3). Among the 50 PN cases, 
six were labeled “yes”, 35 were “no”, and nine were “not 
sure.” Overall, 58.5% of the PP cases were labeled “yes”.

Upon qualitative review of the comments associated 
with the “no” responses, a high ratio of the rejected cases 
was based on minor discrepancies, which, based on the 
protocol, were not sufficient grounds for rejection. In 
several cases, the rejection appeared to have stemmed 

from a lack of familiarity with the way recommendations 
were presented in the tool. For example, the reviewer was 
unclear whether the display of multiple primary treat-
ment options signaled their equal clinical value or not. To 
verify the grounds for case rejections, qualitative inter-
views were conducted with the reviewers in Phase 2 to 
discuss all “no” and “not sure” responses to PP cases and 
adjudicate the responses (if applicable).

Phase 2 (qualitative interviews and final adjudication)
Among the 259 PP cases initially labeled “no” by review-
ers, 228 were changed to “yes” following the qualitative 
interviews (Table  4). Of the 135 PP cases labeled “not 
sure”, 110 were changed to “yes.” Following the qualita-
tive interviews and final adjudication, 10 cases remained 
labeled “not sure” (Table 5). The “not sure” cases were not 
included in the calculation for precision.

Overall, the precision of Exandra was 95.5%, ranging 
from 87.1% in the Anti-platelet therapy chapter (Chap-
ter 4), to 98.2% in the Dyslipidemia chapter (Chapter 2) 

Table 3 Reviewer responses during Phase 1 of external validation study

PN predicted negative, PP predicted positive

Response Total (N = 1000) Chapter 1. Glycemic 
management (n = 297)

Chapter 2. 
Dyslipidemia 
(n = 297)

Chapter 3. Blood  
pressure control  
(n = 297)

Chapter 4. Anti-
platelet therapy 
(n = 109)

PP
 Yes 556 151 179 144 82

 No 259 92 70 92 5

 Not sure 135 39 33 46 17

PN
 Yes 6 1 2 1 2

 No 35 11 11 11 2

 Not sure 9 3 2 3 1

Table 4 Changes in “no” and “not sure” responses to PP cases after Phase 2 (final adjudication)

PP predicted positive

Response After Phase 2 Total Chapter 1. Glycemic 
management (n = 124)

Chapter 2. 
Dyslipidemia 
(n = 111)

Chapter 3. Blood 
pressure control 
(n = 135)

Chapter 4. Anti-
platelet therapy 
(n = 11)

PP cases marked “no” in Phase 1 259 92 70 92 5

 “No” to “yes” 228 79 66 82 1

 “No” to “not sure” 4 0 1 2 1

 Unchanged “no” 26 12 3 8 3

 Missing 1 1 0 0 0

PP cases marked “not sure” in Phase 1 135 39 33 46 17

 “Not sure” to “yes” 110 33 31 41 5

 “Not sure” to “no” 16 3 2 1 10

 Unchanged “not sure” 6 0 0 4 2

 Missing 3 3 0 0 0
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(Table 5). The precision was 94.6% in the Glycemic man-
agement chapter (Chapter  1) and 96.7% in the Blood 
pressure control chapter (Chapter 3). During the online 
validation phase (Phase 1), 35 of the 50 PN cases were 
correctly marked “no”, and six were incorrectly marked 
“yes” by reviewers (Table 3). Therefore, the reviewer error 
rate was 6/50, or 12%. The PN cases were not included in 
the qualitative interview phase (Phase 2).

Discussion
This validation study demonstrated the feasibility of 
developing a medically accurate CDSS for the manage-
ment of T2D and its comorbid conditions. It also pro-
vided a robust method for validation of the CDSS. Our 
findings showed that Exandra generated recommenda-
tions with a high level of medical precision and conform-
ity with expert interpretation of reference guidelines.

Reported accuracy of all chapters changed after quali-
tative interviews were conducted. There was a consid-
erable shift from “no” and “not sure” responses toward 
acceptance of Exandra’s outputs. This shift could be due 
to several factors. First, the initial online review was con-
ducted using a simplified user interface, which lacked 
the complexity of Exandra’s actual environment and 
prompted occasional misinterpretations. For instance, 
when both statins and ezetimibe were displayed as pri-
mary lipid-lowering options, some reviewers interpreted 
this to mean both options were equal or interchange-
able. However, the design of the tool’s user interface is 
intended to prevent such misunderstandings, and this 
issue was effectively addressed by presenting the live 
demo of the fully implemented CDSS to the reviewers. 
Additionally, since the test cases were generated on a sin-
gle chapter basis, each case failed to encompass all areas 
covered by Exandra. Thus, an abridged clinical picture 
and therapeutic approach was presented. This limitation 
caused some reviewers to wonder why certain required 

treatments (included in other chapters) were absent from 
the generated recommendations in the test cases. This 
issue was also largely clarified by demoing the tool and 
the full spectrum of information offered by Exandra.

In some cases, reviewers relied on personal interpreta-
tions, or more up-to-date data to review the cases, rather 
than the literal meaning of the cited guidelines. In these 
cases, further clarification and reference to cited guide-
lines were offered during the interview phase. In some 
rare occasions, the data included in a test case were 
not sufficient for determining guideline-directed treat-
ments, even after providing additional clarification dur-
ing the interview. The adjudication results of such cases 
remained “not sure.”

Despite documenting a high level of medical preci-
sion, the external validation study also unveiled a few 
remaining fixes needed in the test version of the engine. 
Fixes included suggestions for modifying recommended 
medications in certain clinical scenarios. For example, 
pursuant to discussion with Diabetes Canada experts, it 
was decided to recognize and reflect the clinical differ-
ences in the management of ‘metabolic decompensation’ 
and ‘symptomatic hyperglycemia’, which were combined 
in Diabetes Canada Clinical Practice Guideline [5]. As a 
result, the algorithm was adjusted to recommend insu-
lin, without metformin, as the primary treatment in 
cases with metabolic decompensation. Suggestions for 
improvement included introducing additional param-
eters and altering the placement or design of certain 
outputs in the user interface. Internal medical experts 
filed all reported proposals for fixes received from adju-
dicating experts and turned them into actionable items. 
The items were classified based on their clinical signifi-
cance. High priority updates were given precedence and 
were fixed before the release of Exandra. The remain-
ing items were filed into a pipeline of engine updates to 
be addressed at the earliest possibility and released as 

Table 5 Calculated Exandra precision

FP false positive, PP predicted positive, TP true positive
a Yes (TP) = 894 because 556 “yes” from Phase 1 (Table 3) + 228 “no” cases changed to “yes” from Phase 2 (Table 4) + 110 “not sure” cases changed to “yes” from Phase 2 
(Table 4) = 894
b No (FP) = 42 because 26 unchanged “no” cases from Phase 2 (Table 4) + 16 “not sure” cases changed to “no” in Phase 2 (Table 4) = 42
c Not sure = 10 because 6 unchanged “not sure” cases from Phase 2 (Table 4) + 4 “no” cases changed to “not sure” in Phase 2 (Table 4) = 10
d Precision = TP/PP = TP/(TP + FP). This calculation excludes the “not sure” cases

Response to PP case Total (N = 946) Chapter 1. Glycemic 
management (n = 293)

Chapter 2. 
Dyslipidemia 
(n = 297)

Chapter 3. Blood 
pressure control 
(n = 297)

Chapter 4. Anti-
platelet therapy 
(n = 109)

Yes (TP)a 894 263 276 267 88

No (FP)b 42 15 5 9 13

Not surec 10 0 1 6 3

Exandra precision ratio (%)d 95.5 94.6 98.2 96.7 87.1
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post-launch updates. It is important to note that no major 
safety issues were reported with the test cases by external 
reviewers. Exandra focuses on offering treatment sug-
gestions for people with T2D, including those with car-
diovascular and renal comorbidities such as heart failure, 
ASCVD, and/or CKD, emphasizing the preference of 
cardiorenal-protective medications. Additionally, while 
Exandra is a CDSS that provides recommendations for 
patients in the outpatient setting, future CDSSs should 
be developed that address patients in the hospital setting 
as well.

In addition to Exandra, there have been several other 
CDSSs developed in various therapy areas that have dis-
played both advantages and limitations. For instance, 
one CDSS used patient characteristics to identify indi-
viduals with T2D and determine the level of risk to their 
health status [17]. While this CDSS provided risk detec-
tion rather than treatment recommendations, it showed a 
high level of accuracy when validated using four separate 
case studies, and could be advantageous for preventing 
critical medical situations in patients with T2D. Addi-
tionally, several CDSSs have been developed to provide 
cardiovascular risk assessment [18, 19]. Other CDSSs 
were successfully developed using information from spe-
cialist recommendations alone [23] or alongside recent 
literature [24], rather than formalized guidelines. This 
approach could be more practical when clinical practice 
guidelines are not readily available in the therapeutic area 
of interest.

The results of implementing CDSSs into clinical prac-
tice have proven to be beneficial in many cases. Several 
CDSSs were found to increase adherence to clinical prac-
tice guidelines and increase the detection of potential 
errors in implementing recommended treatment [21, 25, 
26], while others aimed to save healthcare professionals’ 
time in diagnosing and treating patients [27, 28]. Some 
have found that the use of CDSSs can improve health-
care in settings where resources are limited [20], and 
can reduce healthcare costs [21]. CDSSs allow informed 
shared decision-making and patient awareness/participa-
tion within clinical practice. Despite the reported success 
of implementing CDSSs in clinical practice, developers 
of these systems should proceed with some caution. In 
one particular case, a CDSS developed to detect cervical 
spine fractures provided poor diagnostic accuracy when 
tested, emphasizing the need for rigorous evaluation 
studies prior to deployment of these systems [29]. The 
present study offers a thorough method for validation 
that could be used in future development of CDSSs.

Limitations of this study included that a simplified ver-
sion of the interface was used for the validation, leading to 
some reviewers not agreeing with certain recommendations 
of Exandra. However, any confusion caused by the simplified 

interface was clarified by demonstrating the full version of 
the user interface to reviewers during Phase 2 of the valida-
tion. Additionally, because each chapter of Exandra was vali-
dated individually based on physician expertise, a full clinical 
picture was not presented to each reviewer, as it would be for 
actual users of Exandra. These discrepancies were discussed 
and clarified during Phase 2 interviews. Another limitation 
was that updates to Diabetes Canada’s clinical guidelines for 
diabetes are released each year, which may have led some 
reviewers to disagree with Exandra’s recommendations 
based on their current up-to-date knowledge. In order to 
remain viable, Exandra should be updated to keep current 
as new guideline updates are published. Finally, there was 
a possibility of bias or human error among the reviewers of 
Exandra. To control for potential bias or error, the secondary 
outcome of the proportion of PN cases in which the review-
ers agreed with the incorrect treatment recommendations 
helped to verify that bias did not greatly alter the validation 
of Exandra. It was possible the reviewers may have been 
more likely to respond “yes” to the cases to avoid spending 
more time making mandatory comments. Nonetheless, the 
reviewers were leading experts in their field and were com-
pensated for their time, which likely motivated them to pro-
vide thoughtful comments and accurately respond to the 
Exandra validation. Additionally, there were many cases in 
which reviewers left optional comments on “yes” responses, 
suggesting it was unlikely they avoided answering “no” or 
“not sure” to avoid having to make comments.

Conclusions
Exandra displayed a high level of accuracy and precision 
in providing recommendations for managing T2D and 
its common comorbidities. Exandra is able to offer a cer-
tain level of personalization within the framework of its 
sources. It is important to note, however, that recommen-
dations made by Exandra are suggestive and not authori-
tative, and actual users are asked through disclaimers 
to only adopt the suggestions according to their clinical 
discretion. In addition to the validation study presented 
here, randomized clinical trials and real-world evidence 
studies are still needed to evaluate the usability, accept-
ability, and efficacy of Exandra. The results of this study 
indicate that Exandra is a promising tool for improving 
the management of T2D and its comorbidities.
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