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Abstract
Background: To examine the value of a Sequential Multiple Assignment Randomized Trial (SMART)
design compared to a conventional randomized control trial (RCT) for telemedicine strategies to support
titration of insulin therapy for Type 2 Diabetes Mellitus (T2DM) patients new to insulin.
Methods: Microsimulation models were created in R using a synthetic sample based on primary data
from 63 subjects enrolled in a pilot study of a smartphone application (App), Diabetes Pal compared to a
nurse-based telemedicine strategy (Nurse). For comparability, the SMART and an RCT design were
constructed to allow comparison of four (embedded) adaptive interventions (AIs).
Results: In the base case scenario, the SMART has similar overall mean expected HbA1c and cost per
subject compared with RCT, for sample size of n = 100 over 10000 simulations. SMART has lower (better)
standard deviations of the mean expected HbA1c per AI, and higher efficiency of choosing the correct AI
across various sample sizes. The differences between SMART and RCT become apparent as sample size
decreases. For both trial designs, the threshold value at which a subject was deemed to have been
responsive at an intermediate point in the trial had an optimal choice (i.e., the sensitivity curve had a Ushape). SMART design dominates the RCT, in the overall mean HbA1c (lower value) when the threshold
value is close to optimal.
Conclusions: SMART is suited to evaluating the efficacy of different sequences of treatment options, in
addition to the advantage of providing information on optimal treatment sequences.

Introduction
A major objective of clinical trials, particularly randomized controlled trials (RCTs) is to identify which of
two or more therapies is most effective. However, people often differ in their response to the same
intervention. When a treatment that works for most people based on an RCT is not effective for a
particular patient, in clinical practice the next step typically is to try something else. The next choice in
this “trial and error” process would, ideally, be informed by evidence. However, clinical trials in which
individuals are randomized to sequences of treatment strategies are seldom used [1].
An alternative to an idiosyncratic series of choices are decision rules such as those embodied in
guidelines developed by medical professional organizations: a combination of expert opinion, behavioral,
psychosocial and biological theories, and observational studies to formulate adaptive treatment
algorithms, or adaptive interventions (AIs) [2, 3]. While clinical guidelines may reduce variability from
practice to practice, they do not alleviate the scientific uncertainty about which sequence is actually
optimal. The recommendations become the subject of potential future research.
Experimental trial designs have been proposed for development and optimization of treatment
sequences. One such design is the Sequential Multiple Assignment Randomized Trial (SMART) [2, 4].
Adaptive interventions are treatment algorithms wherein treatment is sequentially modified over time
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based on individual’s response. The rationale is that by adjusting the treatment type and level as a
function of time-dependent measures such as response to the past treatment, the long-term outcome is
optimized [2, 5].
Most experience with SMARTs has been limited to mental health and behavioral sciences [2, 4], and
Phase 2 trials in oncology [6]. SMART is particularly attractive in cancer therapy as sequential treatment
based on intermediate response is already well-established. However, SMART has potential value to
scientifically address problems in a wide range of contexts, including the use of technology such as
telemedicine to encourage health-promoting behaviors [7].
Telemedicine is the provision of healthcare services and the exchange of healthcare information using
information and communication technology across distances [8, 9]. What is becoming evident in this field
is that “one size does not fit all”. Studies have shown that telemedicine interventions are more likely to
have a positive effect on users’ self-efficacy, knowledge relevant to their condition, and behavioral and
clinical outcomes [10]. However, not all patients are receptive to a particular mode of delivery. A key to
establishing the effective and cost-effective application of telemedicine is understanding how these
approaches fit into real-world care, in particular as part of a sequence that maximizes the proportion of
patients who ultimately respond to good effect.
With this in mind, we sought to examine the value of a SMART design compared to an RCT for two
telemedicine strategies to support titration of insulin therapy for Type 2 Diabetes Mellitus (T2DM)
patients new to insulin: (1) a largely self-contained smartphone app, Diabetes Pal [11] and (2) a nursebased telephone consultation service, SingHealth Polyclinics’ (SHP) Insulin Initiation Telecare Program
(see the Methods section for details about these two telemedicine modalities). For comparability, the
SMART and an RCT designs were constructed to allow comparison of various sequences of the two
telemedicine strategies. The basis for this comparison is microsimulation using data derived from a pilot
clinical trial of Diabetes Pal [11]. We sought to demonstrate the impact of the two trial designs on
improvement in chronic blood glucose control as measured by change in glycated hemoglobin (HbA1c),
and trial cost for the study population. In sensitivity analysis we examined how these measures of value
were affected by various aspects of trial design, including the operating characteristics of the measure of
responsiveness to initial treatment measure used to determine whether to continue or switch treatment.

Methods
Overview of the Simulation Study
The purpose of our simulation study was to conduct a head-to-head comparison between two design
approaches intended to identify the optimal sequence of the two telemedicine modalities for titration of
insulin dose in insulin-naïve diabetic patients. Although it is impractical to compare the design
approaches directly using the same set of participants in real-life empirical studies, such comparisons are
possible in a computer simulation. Specifically, for this study we developed a microsimulation created in
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R 3.6.1 [12]. The synthetic subjects were generated based on the characteristics of the real subjects in the
pilot study of the Diabetes Pal app [11].
Two Telemedicine Intervention Modalities
Here we briefly describe the telemedicine intervention modalities that were compared in the pilot study,
and informed by that, were considered in our simulation study.
(a) SingHealth Polyclinics’ Insulin Initiation Telecare Program (Nurse): The program was designed to
support insulin initiation for patients with T2DM at the primary care practices of SingHealth, the largest
public healthcare group in Singapore. Designated primary care nurses were trained as care managers, to
assist patients with insulin initiation via weekly telephone consultations. These consultations included
checking of current insulin dose and presence of symptoms of hypoglycemia, and titration of next insulin
dose. Throughout this article, we will refer to this telemedicine intervention as ‘Nurse’.
(b) Smartphone Application based Telecare Program (App): Under this program, self-titration using the
smartphone app Diabetes Pal [11] (Fig. 1) with minimal telephone-based support from care managers for
insulin initiation, was proposed. Diabetes Pal is a smartphone application that allows a diabetic patient
to self-titrate their insulin doses. Patient self-titration of insulin dose based on a prescribed algorithm has
been shown to be safe and efficacious in improving glycemic control [13]. The app was developed by
Integrated Health Information Systems Ltd (IHiS) and has been tested for its feasibility to deliver the
insulin titration algorithm in insulin-naïve patients in a pilot study recently conducted at the Singapore
General Hospital [11]. Throughout this article, we will refer to this telemedicine intervention as ‘App’.

Operationalization of Competing Trial Designs
To compare a traditional RCT and SMART for evaluation of effectiveness and cost in the trial context, we
implemented a microsimulation of these two trial designs run over a 12-week “study” period.
(a) SMART Design
The SMART design operates in two stages. At stage one, all patients were randomized with a 1:1 ratio
between Nurse and App. However, at the end of stage 1 (6 weeks from the initial randomization), patients
were categorized as either a responder (R = 1) or a non-responder (R = 0) based on their reduction in
HbA1c value in the 6-week period. In the base-case scenario, the threshold for declaring a response was
assumed to be 0.5% (i.e., the patient was considered a responder if the reduction in HbA1c from baseline
is ≥ 0.5%, and a non-responder otherwise.). This threshold value was varied in sensitivity analysis. The
responders to the first-stage intervention continued with the same intervention in stage 2 (weeks 6–12 of
the study). However, the non-responders were re-randomized to either a switch to the intervention not tried
before for the same patient or a combined intervention (App + Nurse). The non-responders were rerandomized in a 1:1 ratio between the switch option and the combination option. A schematic of the
SMART design is presented in Fig. 2 (a). Because of the re-randomization at stage 2, the current SMART
design offers a comparison between four embedded adaptive interventions (AIs) (see [14]), described in
Table 1.
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The primary outcome (Y) was the HbA1c measurement at the end of the trial, and was recorded for all
patients. The expected outcomes corresponding to the four embedded adaptive interventions are denoted
E(Y)AI1, E(Y)AI2, E(Y)AI3 and E(Y)AI4. Also, the average outcome corresponding to the best AI from the
SMART is denoted by min[E(Y)AI1, E(Y)AI2, E(Y)AI3, E(Y)AI4] and the best AI being

; this is a

key performance metric of the SMART design that we compare with the best outcome from the RCT
design, in our simulation study. Note that for SMART, E(Y)AI1, E(Y)AI2, E(Y)AI3 and E(Y)AI4 need to be
estimated using the inverse probability weighting method [15].
Table 1
Description of the four adaptive interventions (AI). N = Nurse, A = App and A + N = App + Nurse.
AI#

Notation

Description

AI1

(N, NRA1-R)

Nurse at stage 1, continue with Nurse at stage 2 if responder, or switch to
App at stage 2 if non-responder.

AI2

(N, NR(A + N)1R)

Nurse at stage 1, continue with Nurse at stage 2 if responder, or provide
combination at stage 2 if non-responder.

AI3

(A, ARN1-R)

App at stage 1, continue with App at stage 2 if responder, or switch to Nurse
at stage 2 if non-responder.

AI4

(A,AR(A + N)1-R)

App at stage 1, continue with App at stage 2 if responder, or provide
combination at stage 2 if non-responder.

(b) RCT Design
The RCT design (Fig. 2 (b)) is a conventional randomization designed to test the same sequences of
treatments as the SMART design with the same intermediate evaluation at 6-weeks for responsiveness to
initial treatment. However, for individuals deemed not to respond to the initial treatment, the new
treatment was established at the time of initial randomization rather than at 6-weeks. In other words, the
four AIs are separate arms in the design, where individuals are assigned to one of the AI arms at the start
of the trial. This is different from the SMART design, where the AIs are embedded. As with SMART,
effectiveness and cost are assessed based on final HbA1c and cost at the trial end at 12 weeks.
Data Generation Model

Baseline HbA1c
The pilot study [11] of the Diabetes Pal smartphone app enrolled 66 insulin naïve patients with
suboptimal glycemic control of HbA1c ≥ 7.5% despite use of 2 or more oral glucose lowering drugs.
These patients were between 30 and 70 years of age. Of these 66 recruited subjects, only 63 patients had
complete follow-up data. Based on the baseline HbA1c measurements of these 63 patients, a normal
distribution with mean = 9.73 and SD = 1.37 was used to generate the baseline HbA1c values (Y0) of the
hypothetical patients in the simulation model. Detailed description of the model generation and algorithm
may be found in the Additional file 1.

Receptiveness
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In addition to the starting level of glycemic control measured by HbA1c, two additional subject
characteristics were assigned at baseline: (1) receptiveness to the App (RcA), and (2) receptiveness to the
Nurse (RcN). A patient is deemed “receptive” if their engagement with the specific intervention had more
than a nominal impact on their tendency to improve glycemic control. This was operationalized as a
binary indicator variable (1 = receptive, 0 = non-receptive). Since information on receptiveness was not
collected during the pilot study, estimates from the literature were utilized. Specifically, according to
Deloitte’s Global Mobile Consumer Survey 2016 for UK [16], 69% of the smartphone users made standard
voice calls weekly. It was assumed that the smartphone users who made standard voice calls were
comfortable communicating over telephone and therefore would be receptive to receiving insulin titration
information over telephone via the Nurse. The survey also reported that around 51% of the users
downloaded more than five apps on their smartphones. Supported by the data in the survey, it was
assumed that the users who downloaded more than five apps would be using the apps to carry out
activities (other than to communicate) that involved inputting and outputting of information; it was
further assumed that these people would also be receptive to using App to carry out insulin titration. We
further assumed that the receptiveness to one intervention was independent of the receptiveness to the
other intervention. Thus, in our microsimulation study the tendency for RcA and RcN were based on the
probability of success in Bernoulli trials (receptiveness rates) 0.51 and 0.69, respectively. Furthermore, we
assumed that if a subject was receptive to at least one of the two interventions, they were likely to be
receptive to the combined intervention (App + Nurse). The probability of receptiveness to the combination
was calculated to be 0.75.
Change in HbA1c conditional on being receptive to a received intervention
In the microsimulation, the change in HbA1c for each individual was drawn from a normal distribution
corresponding to whether the subject was actually receptive or not (as assigned at baseline). As noted,
receptiveness to an intervention, leading to appropriate changes in insulin dose, was assumed to be
reflected in improvement in HbA1c over a 6-week period beyond random change. To generate plausible
HbA1c change distributions, we stratified data from the actual trial subjects by 6-week change in HbA1c
and calculated the means and standard deviations. To separate the mean reduction for receptive and
non-receptive participants, we assumed an average receptiveness rate of 60% in the trial subjects and
fixed the mean for non-receptive participants to be zero. Thus, the mean HbA1c reductions at week 6 and
12 for receptive participants are assumed to be 1.53 (SD = 0.71) and 0.94 (SD = 0.77), respectively.

Calculation of Trial Costs
In the microsimulation, costs were accumulated for each synthetic subject based on their interventions
experienced, including the time costs of providing the interventions, monitoring, and re-randomization
when needed. Because costs for the trial are almost entirely personnel time, we did not include cost of the
app itself. Cost was calculated in US dollars (USD) by multiplying personnel time by the exchange rate
adjusted modal wage rate for Singapore, a country with a gross domestic product per capita comparable
to the US, approximately USD 57,000.
Analysis
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In our simulation study, we performed a base case analysis in which the two designs were compared with
the key input parameters fixed as follows:
1. receptiveness rate to the Nurse (P(RcN = 1)) = 69%,
2. receptiveness rate to the App (P(RcA = 1)) = 51%,
3. receptiveness rate to the App + Nurse (P(RcA+N = 1)) = 75%,
4. reduction threshold for response (δ) = 0.5%, and
5. trial size of patient cohort (n) = 100.
The Monte Carlo assessments were based on simulation size (B) = 10000. For each design, the Monte
Carlo mean HbA1c estimate

and the standard deviation

were calculated

where
is the overall and per AI mean HbA1c for the bth simulated trial. The probability of selecting the
best AI as defined in SMART design over B simulations was calculated. In sensitivity analysis, we varied
each parameter over a broad range to determine if there was any change in the sign for the difference in
effectiveness or cost, large absolute changes on outcomes for both designs, or non-linear relationships
between the parameters and outcomes.

Results
Base case
In the base case scenario (Table 2), the difference of the overall mean expected HbA1c and per subject
cost between the SMART and the RCT design is almost negligible (both HbA1c are 8.28%; per subject cost
is USD 343.32 vs USD 343.22). As the sample size increases, the overall effectiveness and cost between
SMART and RCT designs are essentially equivalent (Fig. 3). This is expected since both designs are
unbiased for estimating the above metrics. Although the estimated mean HbA1c by AIs are similar in both
designs, the standard deviations are noticeably lower in case of the SMART design. This is true across a
wide range of sample sizes, approaching zero as trial size became very large (Fig. 4). Given the
underlying data generation (see Additional file 1), the true optimal AI is AI2. The SMART design is able to
outperform the RCT design by having higher probability of choosing AI2 given same sample size n = 100
(48.73% vs 43.38%). The efficiency of the SMART design becomes apparent as we aim to maximize the
probability of choosing AI2 by varying the sample sizes (Fig. 5). In order to have approximately 70%
probability of correctly choosing AI2, SMART requires n = 500 (70.66%), whereas RCT requires n = 1700
(70.72%).
Table 2 The Monte Carlo mean (standard deviation) of the final HbA1c outcomes (Y) and cost per subject
and the probability of selecting each AI as optimal (poptAI) for SMART and RCT of sample size n = 100.
The simulation size was 10000. According to the data generation model of the simulation study, AI2 is
the truly optimal AI.
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SMART

RCT

Y

8.23 (0.17)

8.23 (0.17)

Cost (USD)

343.32 (2.14)

343.22 (2.16)

YAI1

8.12 (0.28)

8.12 (0.34)

YAI2

8.04 (0.26)

8.05 (0.33)

YAI3

8.39 (0.29)

8.39 (0.34)

YAI4

8.36 (0.28)

8.36 (0.34)

poptAI1

29.41%

33.77%

poptAI2

48.73%

43.38%

poptAI3

10.06%

10.43%

poptAI4

11.80%

12.42%

Overall

By (embedded) AI

Sensitivity analyses
For both trial designs the threshold value at which a subject was deemed to have been responsive at an
intermediate point in the trial had an optimal value (i.e., the sensitivity curve had a U-shape) (Fig. 6). As
the threshold moves away in either direction from the optimal value, the mean HbA1c for the trial subjects
worsens. Under the optimal threshold, the SMART design becomes more efficient than the RCT design
when the sample size is small, because the final overall mean HbA1c performs better (that is, it has a
lower value). This change in threshold corresponds to a change in the relationship between the sensitivity
and specificity of the interim evaluation of responsiveness. A more negative threshold results in lower
sensitivity but greater specificity for responders while a higher threshold results in higher sensitivity but
lower specificity.

Discussion
In this study, we examined the value of the SMART design relative to a comparable RCT design of two
telemedicine interventions for insulin initiation: a largely self-contained smartphone app [11] and a nursebased telephone consultation service. The designs were comparable in that both had the aim to evaluate
the optimal sequencing of these two interventions, including the potential for combining interventions.
We did this evaluation using microsimulation drawing on empirical data from a prior conventional trial.
Simulation allowed us to perform sensitivity analysis of how diabetes control (as assessed by HbA1c)
and trial costs were impacted by various aspects of trial design, including the operating characteristics of
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the intermediate measure used in the SMART and RCT designs to continue or switch treatment. It should
be noted that the RCT design used as the comparator was unconventional, involving both multiple arms
and treatment switching based on interim assessment of responsiveness to the initial treatment.
While both designs provide information on the optimal sequencing of therapies, we demonstrated some
notable benefits of SMART compared to RCT. First, the SMART design from the perspective of trial
population, had consistently smaller variance in the mean HbA1c per AI, which was especially evident at
smaller sample sizes, at approximately equivalent cost. For the same sample size, the SMART design has
higher probability of identifying the best AI.
Another advantage of SMART is that the design offers the potential to personalize treatment sequences
by evaluating features predictive of responsiveness by treatment order. In our present simulation study,
this feature of SMART was not examined as subjects were simulated as identical with regard to all
features except for responsiveness to one intervention or the other. However, there is a sizable statistical
literature that offers methodologies (e.g., Q-learning) for doing such personalization as secondary
analysis of SMART data [5, 17]. This aspect can be pursued in simulations as an important future work.
In sensitivity analysis, the observed benefits were robust. However, we did note that the value of both
designs depended on the threshold value for defining response to treatment at the end of first stage.
Average HbA1c control for trial subjects was optimal at an intermediate threshold value: too low and
subjects who were unresponsive to their initial treatment were incorrectly maintained on an ineffective
therapy; too high and subjects who were responsive to initial therapy would be incorrectly switched from
an effective therapy. This suggests that the sensitivity and specificity of the threshold value can be
important parameters to consider in SMART design and that the value of the design can be much
diminished if the first stage evaluation does not have good operating characteristics.
Most clinical trials aim to conduct formal hypothesis tests in order to determine the superior
interventions. However, in case of telemedicine, it may often be of more interest to find out if a cheaper or
less burdensome intervention (e.g. App) is non-inferior to an established but more expensive intervention
(e.g. Nurse). Such non-inferiority testing methodologies have been applied to conventional RCTs for many
years [18]. Very recently, such non-inferiority testing methods [19] along with free web-based software
[20], have also been developed in the SMART design context. Availability of such methodology and
software tools brings SMARTs to an even playing field as RCTs, in terms of flexibility of hypothesis
testing and data analysis. We have not considered non-inferiority testing in the current manuscript.
The primary goal of SMART is to learn – through within-patient adaptation of interventions over stages –
an optimal strategy that can benefit future patients beyond the trial, not the trial participants per se. As
such, it does not allow between-patient adaptation of interventions within the trial, because the
randomization probabilities in a SMART are pre-specified. This fixed allocation scheme in a SMART
design (as in conventional RCT) is motivated by the aim to maximize statistical power in order to
maximize the scientific information gained from the trial. However, there are settings (e.g.,
implementation studies) where there is urgent need to translate emerging evidence from ongoing trials
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into practice, including the remainder of the trial participants, in order to maximize the benefit to the
overall population of interest [20]. This need can be accommodated in both a SMART and an RCT
through the machinery of response-adaptive allocation. Such an adaptive SMART or adaptive RCT design
would allow modification of the randomization probabilities based on observed outcome data, favoring
the treatment sequences that empirically look better (even though not statistically significant), at pre-set
interim times during the trial [6, 21, 22]. For simplicity, we chose not to consider such a response-adaptive
SMART or RCT in our current simulation study. However, we feel that such designs can potentially be
even more attractive in the telemedicine context, optimizing welfare of trial participants while also finding
optimal care strategies for future patients. We view more in-depth study of such designs in the
telemedicine arena as an important future work.

Conclusion
In light of increasingly complex care management questions, new trial designs have been offered to
improve the range of useful inferences that can be derived from clinical trials. SMART is one example
that is particularly suited to evaluating the efficacy of different sequences of treatment options. To make
better use of SMART, it is important to understand the advantages and disadvantages of SMART relative
to a conventional design. This study illustrates the advantages of the SMART design over a comparable
RCT for evaluating sequences of therapies. We note that the value of a SMART depends on the accuracy
of the intermediate measure of responsiveness as well as the burden and cost of re-randomization.
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Figures

Figure 1
Diabetes pal

Figure 2
Page 13/17

The (a) SMART and (b) RCT design in comparison. Each intervention component (Nurse, App, App +
Nurse) is for 6 weeks long. (a) Randomisation happens at baseline for stage 1 intervention and at week 6
for stage 2 intervention, given stage 1 treatment and response. The four AIs are embedded in the design
as a result. (b) Randomisation happens at baseline only, so the four arms correspond to the four AIs.

Figure 3
The Monte Carlo means of the final outcome HbA1c and per subject cost (USD) for different sample
sizes.
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Figure 4
The standard deviations of the Monte Carlo means of the final outcome HbA1c by AIs for different
sample sizes.
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Figure 5
The number of times out of B = 10000 simulations, the SMART and RCT trial identify the j-th AI (j=1, …, 4)
as the best AI across a wide range of sample sizes. According to the data generation model of the
simulation study, AI2 is the truly optimal AI.
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Figure 6
The overall mean expected HbA1c from 10000 simulated SMART and RCT trials for sample size n = 20,
50, 100, 300 varied across a wide range of reduction threshold values.
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