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PAPER

Decision Framework Focused on Missing-Data Alarms  
in Healthcare

ABSTRACT
In healthcare, missing data is common. Missing information can arise for various reasons, 
such as timing and synchronization issues, incorrect reporting, and connection loss or 
incorrect data-flow configuration. Time plays a crucial role in longitudinal clinical data. 
Many studies have focused on minimizing the root mean squared error (RMSE) of imputed 
missing data. However, in clinical practice, the primary goal is to make safe decisions by 
minimizing the risk of missing key events. The goal is not to reconstruct accurate missing 
data but to determine if the existing data is sufficient to support the detection of critical 
events. The predictive model combines a probabilistic event definition, empirical risk, cal-
ibrated thresholds for risk-targeted threshold calibration, a lightweight counterfactual glu-
cose sampler, and the expected value of sample information (EVSI). The EVSI policy does not 
always request a confirmatory measurement. It is used only when the expected reduction 
in decision burden is higher than the additional delay. Results show an improved balance 
of risk and burden when compared to both non-query scenarios and simpler baseline que-
rying strategies. The contribution of this work is not a new state-of-the-art data imputation 
system but a clinically interpretable decision layer for alarm management under missing 
data scenarios.

KEYWORDS
missing data, healthcare time series, risk-targeted calibration, expected value of sample 
information (EVSI), decision support, glucose alarms

1	 INTRODUCTION

The most prominent studies on imputation for time series include different 
types of models. Some of the most well-known are attention-based models such as 
Self-Attention-based Imputation for Time Series (SAITS), diffusion-based models 
such as Conditional Score-based Diffusion Models for Imputation (CSDI), and clin-
ically informed architectures such as Conditional Self-Attention Imputation for 
Healthcare Time Series (CSAI) [1]–[5]. Based on the literature, there is a need for 
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more clinically appropriate evaluation methods [6]–[10]. Good imputation accuracy 
does not always lead to improved downstream predictions [8], [9]. Reconstruction 
of missing data with high quality does not necessarily result in the highest deci-
sion value. A system may produce acceptable imputation information, but it does 
not always contribute, by default, to a better alarm decision for clinical events.

Based on the above, we focus our study not on highly accurate reconstruction 
but on decision sufficiency. The main question raised by our study is whether the 
available information is enough to support a safe decision or if it is worth requesting 
additional information. Moreover, when is it worth accepting additional delays and 
burdens to obtain extra information? The core idea is that missing healthcare data 
should not be considered a simple reconstruction problem.

We propose a decision-focused framework for short-term glucose alarms 
under missing data, designed to support safer clinical decisions under incom-
plete information. Our framework is based on a modular design. It acknowl-
edges that imputation and downstream prediction do not need to be strictly 
matched [9], [10]. The system has three main components. The first is a base pre-
dictor that operates under partial information from an observed trajectory. The 
second is the calibration layer. The output of the base predictor is used to calibrate 
the threshold for the risk of missing critical events. The third is the Value-Aware 
Escalation Policy. It determines whether to abstain from making a prediction or to 
wait for future confirmation data. In situations of missing values, it can be more 
efficient to reduce the number of missed critical events than to not query at all or 
to query randomly.

The EVSI-based query policy is designed to trigger queries only when the 
expected reduction in downstream decision penalties is sufficiently large, thus 
distinguishing between high-value and low-value escalations. We evaluate two 
EVSI-based policies (Expected Value of Sample Information Positive policy (EVSI_
POS) and Expected Value of Sample Information Budget-Binding policy (EVSI_
BIND)), which are described in more detail in Section 3. In the representative 
30-minute delay setting, EVSI_POS reduces strict false-negative rates compared 
with the no-query baseline in Missing Completely at Random (MCAR) and Missing 
At Random (MAR) scenarios, while showing limited additional benefit under 
Missing Not at Random (MNAR)_G250. The improvement is reflected in lower strict 
false negative rates, at the cost of a modest increase in decision burden. EVSI_BIND 
provides a more conservative alternative. It trades a higher burden for slightly 
stronger risk reduction.

The main contributions of this study relate to a framework focused on decision- 
making when dealing with missing glucose data for alarm generation. It includes an 
empirical risk-target calibration layer that identifies safer thresholds for the system; 
a delayed measurement budgeted policy based on the EVSI; and experimental eval-
uation of a framework comparison study including MCAR, MAR, and MNAR missing 
scenarios [11], along with ablation studies.

This paper is organized into six main sections. After the introduction, Section 2 
summarizes existing works in the imputation of time series, downstream evaluation, 
and active decision-making, connecting within the context of our study. Section 3 
describes the proposed methodology. It explains the modular structure of the frame-
work, along with mathematical formulation, alert calibration layer, and EVSI-based 
policy. Section 4 discusses the main results, including baseline comparisons, robust-
ness analysis, sensitivity analysis, runtime overhead, and ablation studies. Section 5 
concludes the study. Finally, Section 6 outlines future work.
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2	 RELATED WORK

Time series imputation has seen significant growth in recent years. Particular 
advantages have been provided by the use of deep learning-based models. 
Bidirectional Recurrent Imputation for Time Series (BRITS) is a successful imputation 
method [3]. It uses bidirectional recurrent dynamics for time-series imputation. 
SAITS and CSDI utilize self-attention and diffusion-based mechanisms to capture 
both temporal relationships and cross-feature relationships [1]–[4]. CSAI is another 
approach that highlights the importance of imputing missing data. It operates in a 
way that preserves the structural characteristics of real clinical data [5]. In addition 
to advanced imputation models, special attention has also been given to the treat-
ment of missing values in traditional statistical models. The authors [12] proposed 
an LR model in conjunction with an appropriate penalty for high-dimensional data 
and implemented multiple imputations to both improve classification accuracy and 
identify the most relevant features.

Good reconstruction does not necessarily lead to a good performance for the 
downstream predictions [6]–[10]. Evaluations reported in TSI-Bench suggest that root 
mean squared error (RMSE) and mean absolute error (MAE) alone are insufficient 
for assessing imputation quality. How imputation supports the final decision is 
equally important [7]–[10]. Furthermore, it is necessary to determine whether the 
available information adequately supports the decision-making process. Another 
related area of research is that of active information acquisition. Research on Risk-
Averse Active Sensing has explored whether the cost and time required to acquire 
additional information are justified. These studies also examine how such costs and 
delays affect the final decision [13]–[15].

The Expected Value of Sample Information is used to determine if it is worth 
acquiring additional information before making a decision [16]–[18]. These stud-
ies are based on the assumption that, often, computationally expensive methods 
are not worth it in cases of real-time monitoring. This work presents a unified 
decision-focused framework for glucose alarms in the presence of missing val-
ues over a short period. The novelty of this work lies in combining probabilistic 
alarm prediction with risk-targeted calibration and EVSI-based delayed querying 
under budget and delay constraints. The empirically calibrated thresholds are 
constructed from an expectation of risk. We use EVSI for query delays under sub-
ject budget and time constraints. Our study aims not only to improve the quality 
of reconstructed data but also to enhance the safety of decisions made under 
missing data.

Recent IoT-based healthcare studies provide important background for real-time 
monitoring, mobile diabetes management, and the broader engineering foundations 
of IoT systems in healthcare; however, they mainly focus on data collection, applica-
tion design, or IoT infrastructure rather than decision-making when measurements 
are missing or delayed.

[19] presented a Smart Healthcare Monitoring System that uses the Internet of 
Things (IoT) to collect patient data to allow for real-time observation. However, 
they did not discuss what happens with missing measurements when an alarm 
must still be generated. [20] developed a mobile application to monitor and man-
age Type 2 Diabetes Mellitus in real time. Their findings demonstrate relevance 
to the diabetes-monitoring context of our study. [21] defined IoT engineering as a 
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multidisciplinary emerging area that encompasses various technical aspects such as 
sensing, networking, big data analytics, cloud services, security, and AI, which can 
be applied to fields like healthcare.

Our prior studies [22]–[24] have also focused on the healthcare area. This work 
builds on that and extends this direction by focusing not only on providing estimates 
of missing data but also on determining if there is enough information to make a 
confident decision.

3	 METHODOLOGY

The decision-focused framework for missing glucose data aims to reduce missed 
critical events under a limited operational burden (query and delay). At each time 
step t, the model receives a partially observed multivariate record with data on 
glucose levels, heart rate, the number of steps taken, total caloric intake, carbohy-
drate intake, bolus insulin administered, and basal rates of insulin. The decision is 
chosen from one of three possible alternatives: ALARM, NO ALARM, and ABSTAIN. 
A query represents a request for a delayed confirmatory glucose measurement. 
Temporary abstention allows for updating the decision once the delayed values 
are received.

3.1	 Framework

This framework is built around one question: Does the benefit of delayed con-
firmation outweigh its cost? To provide an answer, the framework estimates the 
EVSI based on an approximation of expected downstream costs of not having this 
information. It compares this to expected downstream costs in which the missing 
glucose value is replaced with samples and added to expected additional burdens 
from sampling, abstaining, and delayed testing. A query is issued only when there 
is sufficient statistical evidence that it is worthwhile to do so. The EVSI_POS policy 
queries only when the expected value is positive. EVSI_BIND is a more conservative 
variant; it respects a strict query budget.

Figure 1 provides an overview of the layers and sequential steps of the proposed 
framework.

The current decision is temporarily changed to ABSTAIN until the delayed con-
firmatory measurement becomes available where a query is issued. The abstained 
decision is resolved after a fixed delay using the delayed confirmatory glucose 
measurement. Logistic regression (LR) [25] is used in the main experiment due to 
its stability and transparency. To assess the robustness of the study, it is replaced 
with eXtreme Gradient Boosting (XGB or XGBoost) [26]. In this way, it is possible to 
assess whether the performance gain comes from the EVSI policy rather than from 
a specific predictor. The robustness is evaluated under multiple missing scenarios. 
The scenarios evaluated include MCAR, MAR, and MNAR. MCAR10, MCAR30, and 
MCAR50 are used to represent missing rates of 10%, 30%, and 50%, respectively. 
MAR-TA refers to the time of day and activity. MNAR-G250 refers to the case when 
glucose levels exceed 250 mg/dL.

https://online-journals.org/index.php/i-joe
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Fig. 1. Layers and steps of the framework

3.2	 Mathematical formulation

These six mathematical components represent the decision-making process of 
the system. As such, equations (1)–(3) provide definitions of each component that 
will be used as input into the decision layer. These definitions are provided in a 
general form, consistent with traditional supervised alarm prediction literature. The 
primary methodological contributions occur in (4), which represents the risk-tar-
geted calibration of the model parameters, and (5)–(6), which describe how the 
framework uses the EVSI to determine whether a delayed query is necessary based 
on whether the incomplete evidence is sufficient for a safe alarm decision.

The hyperglycemia alarm is defined as in (1). It is decision-oriented and therefore 
directly linked to clinical decision-making within a given timeframe. Each of these 
decisions is based only on information available up to time t.
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The space of action is defined in (2). The system can produce an alarm, not 
produce an alarm, or abstain. Abstain is used temporarily when there is delayed 
confirmation, which occurs under both budgetary and delay constraints.

	 at ∈ {ALARM, NOALARM, ABSTAIN}	 (2)
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In contrast to some other developments that improve model-agnostic clini-
cal decision-making tools [27], our predictive model does not rely on the type of 
algorithm being used. The predicted probability (3) is an estimate of the chance 
of a critical event. Some researchers treat missing data or gaps as “noise,” but we 
treat them as indicators of possibly useful information. Both the Calibration Layer 
and the Query Policy are model-agnostic; they do not depend upon the specific 
predictive model.

	 Pt = P(yt = 1|jt)	 (3)

As shown in equations (1), (2), and (3), the standard event, action, and predictive 
probabilities are used as inputs into the EVSI decision layer. While these components 
represent the main probabilistic inputs required by the EVSI decision layer, they 
do not represent the main contributions. The main contribution occurs later in the 
framework, where it determines if the existing incomplete evidence is sufficient for 
making a safe alarm decision given the constraints related to missing information, 
delay, and operational burden.

Threshold calibration τ (4) is the first empirical risk-targeted step to reduce missed 
events. It is based on empirical quantiles of predicted probabilities for calibration 
examples that have been positively labeled. CAL is the Calibration set. It denotes the 
calibration split (subject-disjoint from train/test), used only to select τ via quantiles 
over positive-labeled examples.

	 � � � �� �Quantile p :�y 1, t� �CAL�
r t t
0

( ) � � 	 (4)

The EVSI component of the proposed framework represents the core decision 
mechanism. In classical value-of-information analysis, EVSI is used to determine 
whether collecting additional information is expected to improve a downstream 
decision. In this work, EVSI is adapted to a real-time clinical alarm context involving 
missing glucose values, explicit delay, query burden, abstention burden, and both 
false-negative and false-positive consequences. Therefore, the query decision is not 
based solely on predictive uncertainty about glucose levels. Instead, it is based on 
the expected value of delayed information for improving alarm safety.

(5) To estimate the EVSI [28], [29], we use a Monte Carlo simulation [30] to evaluate 
the utility of collecting additional data. Here, we apply EVSI in real-time, in a sub-
ject-specific manner, to make the decision to issue a query for the missing value of 
interest. We include overheads (delays and operating costs) to provide a more prac-
tical application. We develop a relatively simple and efficient model to approximate 
EVSI in real time. We use Bayesian Ridge regression for the mean glucose, condi-
tioned on the context and locally varying noise modeled by KNN. Samples that are 
generated using this approach maintain local heterogeneity.
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Where:
C0(t) – is the expected future burden without knowledge of the missing glu-

cose value.
C (g ,t)�

1 t

k  – represents the cost associated with replacing the missing glucose value 
with sampled plausible values.

g
t

k + Overhead – includes all additional burdens imposed by the query, absten-
tion, and delay.
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The mean total burden in (6) includes the query burden, the abstention burden, 
the waiting time burden, the burden of unresolved cases, and the penalty of nor-
malized errors. Burden is the clinical-operational cost of managing missing data 
(measurement/verification, delays, and FN/FP consequences). The weights are relative.

	
Burden� �c *QueryRate �c *AbstainRate �c * MeanTTR*Resolve

Q A T
� � � ( ddRate �

�c *UnresolvedRate� �(c *FN �c *FP)/n
U FN FP

)

� � �
	 (6)

Where:
cQ – The operational burden related to the query request is set to 1.0.
cA – The operational burden related to the temporary abstain step is set to 0.25.
cT – The waiting time burden per minute (time-to-resolution) is set to 0.01/minute.
cU – The penalty for unresolved cases after the specified delay is set to 0.75.
cFN – The clinical cost of missed critical events because of false negatives set to 5.0.
cFP – The clinical cost of unnecessary alarms due to false positives set to 1.0.
Formulas (1)–(3) follow standard episode-based event definitions and probabi-

listic prediction. Formula (4) uses empirical risk-targeted calibration on a held-out 
CAL. Formulas (5)–(6) build on classical value-of-information and cost-sensitive 
decision-making; our novelty lies in adapting these principles to streaming missing- 
data management under explicit budget and delay constraints. In Equation (6), the 
total number of evaluated decisions normalizes FN and FP, whereas strict FNR is 
computed relative to true positive-event cases.

3.3	 Dataset

The dataset used is the HUPA-UCM Diabetes Dataset, which is a longitudinal 
multimodal dataset for Type 1 diabetes [31]. The main variables included are time, 
glucose, heart rate, steps, calories, carb input, bolus volume delivered, and basal 
rate. For evaluation, ground-truth glucose values are stored before masking. The 
sampling interval is five minutes. For evaluation, ground-truth glucose is preserved 
before masking so that delayed resolution can be assessed against known values.

3.4	 Testing

In order to create simulated missing glucose data, a separate MCAR (p) mask is 
employed. A variety of possibilities are evaluated for the mask (p = 0.10, p = 0.30, 
and p = 0.50). Additionally, the mask is used as a MAR TA mask based on both time 
of day and activity. For MNAR_G250, missing is defined as a function of glucose 
level, with values above 250 mg/dL being more likely to be missing. For the main 
scenario-wise comparison, Table 1 reports results for budget = 0.10 and delay =  
30 minutes. Additional tables report separate robustness, ablation, and sensitivity 
runs using the same nominal budget and delay settings and should be interpreted 
within their respective experimental settings.

4	 RESULTS

The overall goal of this study is to improve decision-making under missing data 
by prioritizing the reduction of missed critical events (stricter False Negative Rate—
FNR) and maintaining minimal operational burden in clinical settings.

https://online-journals.org/index.php/i-joe
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The primary metrics are strict FNR (resolved) and mean total burden, which 
represents both the total operational burden and total error cost associated with 
querying. All results were obtained on the HUPA dataset, with splits at the individual 
subject level, across multiple folds.

Results show that targeted delayed confirmation can reduce missed critical events. 
It is compared to baselines. Additional experiments provide a means for testing the 
robustness of the results, comparing the results with a more efficient querying base-
line, and evaluating the importance of each component through an ablation study.

4.1	 Experimental results

A view of how the policy behaves over a sample subject’s path with MCAR30 and 
under a low budget can be found in Figures 2–4. Figure 2 shows the real and masked 
glucose trajectories. Figure 3 shows the predicted event probability together with the 
decision threshold. Figure 4 shows EVSI (t), the query threshold, and the issued query 
points over time. It illustrates the query threshold and EVSI values over time, showing 
how missing, predictive risk, and delay-related cost interact in the decision process.

Fig. 2. Glucose real versus masked

Fig. 3. Predicted probability and threshold

Fig. 4. EVSI(t) and query threshold

https://online-journals.org/index.php/i-joe
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Figure 5 shows the representative MCAR30 policy as a Risk-Burden Frontier. 
Policies that are closest to the bottom left corner of the frontier represent the best 
Risk-Burden Trade-Off because they have the lowest (Strict FNR) and total burden 
(Total Burden). EVSI_POS offers the most feasible operating point, while EVSI_BIND 
has less risk; however, it has a higher total burden. The x-axis represents mean 
total burden. Lower values are better. The y-axis is labeled Strict FNR. Our aim is 
to find values of FNR that represent the fewest number of missed Critical Events. 
Lower strict FNR values are preferred because they indicate fewer missed critical 
events. Since EVSI_POS is positioned below OFFLINE_CRC, it is clear that EVSI_POS 
has fewer missed Critical Events than OFFLINE_CRC and is only slightly increasing 
the burden. On the other hand, ALWAYS_QUERY is located at the extreme right side 
of the frontier. It indicates that indiscriminate querying is operationally ineffective.

Fig. 5. Risk burden main plot (frontier), MCAR = 30, bm = 0.10, delay = 30 min

4.2	 Main scenario

Table 1 reports the representative setting with budget = 0.10 and delay = 
30 minutes across all five scenarios and policies. Several patterns are clear. EVSI_
POS produces lower or comparable strict FNR than ALWAYS_QUERY while using 
substantially fewer queries in most scenarios. The most significant query count vari-
ations are shown in MCAR30 and MCAR50.

EVSI_BIND is a more conservative EVSI-based policy variant. It can further reduce 
strict FNR, but this reduction is achieved at the cost of higher query frequency and 
greater operational burden. UNC_QUERY does not match the benefits of EVSI_POS; 
therefore, being proximal to the decision boundary does not represent a sufficient 
surrogate measure for the utility of delayed measurement. As one would expect, the 
amount of benefit decreases in the negative outcome MNAR_G250 scenario because 
the most clinically relevant missing values will have the highest probability of being 
missing. Table 1 shows that EVSI_POS consistently reduces strict FNR relative to 

https://online-journals.org/index.php/i-joe


	 216	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 22 No. 7 (2026)

Zanaj et al.

OFFLINE_CRC in the MCAR and MAR scenarios, while requiring only a modest query 
rate and a small increase in mean burden. EVSI_BIND can further reduce strict FNR 
in some MCAR settings, but its most consistent effect is higher query frequency and 
higher operational burden.

Figure 6 provides the comparisons of the strict FNR across the five major missing 
data scenarios. The largest gains of EVSI-based querying are observed in MCAR30 
and MCAR50, whereas the improvement becomes smaller in the more adverse 
MNAR_G250 setting. Within the MCAR scenarios, larger improvements were 
observed as the missing-data rate increased. Query rate is computed over all eval-
uated decision times. Under the budgeted setting used in Table 1, all query-capable 
policies are constrained by the query budget b = 0.10. ALWAYS_QUERY denotes que-
rying every eligible missing candidate allowed by the budget, not querying every 
missing glucose value without constraint.

Table 1. Main scenario-wise comparison

Scenarios Policy FNR Strict Burden Query Rate

MCAR10 ALWAYS_QUERY .111 .173 .0099

MCAR10 EVSI_BIND .109 .169 .0089

MCAR10 EVSI_POS .110 .160 .0029

MCAR10 OFFLINE_CRC .111 .157 .0000

MCAR10 UNC_QUERY .111 .164 .0038

MCAR30 ALWAYS_QUERY .098 .187 .0297

MCAR30 EVSI_BIND .093 .175 .0267

MCAR30 EVSI_POS .094 .148 .0086

MCAR30 OFFLINE_CRC .099 .142 .0000

MCAR30 UNC_QUERY .099 .160 .0120

MCAR50 ALWAYS_QUERY .082 .231 .0500

MCAR50 EVSI_BIND .072 .208 .0460

MCAR50 EVSI_POS .074 .165 .0153

MCAR50 OFFLINE_CRC .082 .155 .0000

MCAR50 UNC_QUERY .083 .185 .0190

MAR_TA ALWAYS_QUERY .084 .162 .0126

MAR_TA EVSI_BIND .082 .160 .0126

MAR_TA EVSI_POS .082 .147 .0041

MAR_TA OFFLINE_CRC .084 .143 .0000

MAR_TA UNC_QUERY .084 .154 .0067

MNAR_G250 ALWAYS_QUERY .114 .156 .0083

MNAR_G250 EVSI_BIND .114 .154 .0073

MNAR_G250 EVSI_POS .114 .145 .0014

MNAR_G250 OFFLINE_CRC .114 .143 .0000

MNAR_G250 UNC_QUERY .114 .151 .0046
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Fig. 6. Comparison scenario wise of strict FNR

4.3	 Robustness across base predictors

The results in Table 2 (reports a separate robustness analysis should not be 
interpreted as a direct numerical replication of Table 1) suggest that EVSI-based 
querying shows a similar pattern when XGBoost replaces LR. This suggests that the 
decision strategy, rather than the predictive backbone, drives the overall perfor-
mance. It reports a separate robustness analysis designed to test whether the EVSI-
based policy gains remain visible when the base predictor is changed from LR to 
XGBoost. Figure 7 further supports this hypothesis. The strict-FNR gains of EVSI_POS 
compared with OFFLINE_CRC remain visible when the base predictor is changed 
from LR to XGB. Therefore, these gains appear to result from the EVSI_POS decision 
policy rather than from an individual model. Moreover, the sign and size of the gain 
for Missing at Random—Time/Activity (MAR_TA) are as would be expected for the 
models used.

Table 2. Robustness across LR and XGBoost

Scenario Base Predictor Policy FNR strict Mean Burden Query Rate

MAR_TA LR EVSI_BIND .1122 .1997 .0125

MAR_TA LR EVSI_POS .1122 .1915 .0066

MAR_TA LR OFFLINE_CRC .1140 .1850 .0000

MAR_TA XGB EVSI_BIND .1133 .1997 .0119

MAR_TA XGB EVSI_POS .1126 .1906 .0062

MAR_TA XGB OFFLINE_CRC .1181 .1905 .0000

MCAR30 LR EVSI_BIND .1111 .1833 .0247

MCAR30 LR EVSI_POS .1123 .1661 .0113

MCAR30 LR OFFLINE_CRC .1186 .1588 .0000

MCAR30 XGB EVSI_BIND .0997 .1759 .0277

MCAR30 XGB EVSI_POS .0999 .1551 .0131

MCAR30 XGB OFFLINE_CRC .1173 .1613 .0000
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Fig. 7. Robustness comparison of strict FNR across LR and XGBoost

4.4	 Ablation

Table 3 illustrates how the full EVSI pipeline and the unconditional alterna-
tive behaved similarly across the two scenarios. This suggests that most of the 
empirical gains come from the overall policy logic rather than from a highly spe-
cialized internal sampling mechanism. Table 3 reports a separate ablation run 
and should be used to compare FULL and UNCOND variants within the same 
ablation setting.

Table 3. Ablation of the counterfactual sampler

Scenario Variant Policy FNR Strict Mean Total Burden Query Rate

MAR_TA FULL EVSI_BIND .0636 .1332 .0127

MAR_TA FULL OFFLINE_CRC .0650 .1176 .0000

MAR_TA UNCOND EVSI_BIND .0632 .1309 .0115

MCAR30 FULL EVSI_BIND .0840 .1788 .0284

MCAR30 FULL OFFLINE_CRC .0921 .1512 .0000

MCAR30 UNCOND EVSI_BIND .0838 .1764 .0273

4.5	 Sensitivity analysis and runtime overhead

We also carried out a detailed sensitivity analysis for the stability of the heu-
ristic penalty weights. For the representative case we set the parameters budget = 
0.10 and delay = 30 min. We varied the operational burden weights in Equation (6)  
by -20%, -10%, +10%, and +20% relative to their baseline values, while keeping 
the penalty weights for clinical false-negatives and false-positives constant. Our 
aim here was to check if an EVSI-based decision-making layer would be heavily 
dependent upon one manually set penalty level or whether its qualitative order-
ing would remain stable across different penalty levels. As presented in Table 4, 
the risk–burden orderings are preserved across all perturbations as well for both 
options: EVSI_POS remains the lower-burden EVSI option, while EVSI_BIND gen-
erally behaves as the more conservative option, requiring more queries and 
higher burden while achieving lower or comparable strict FNR depending on 
the scenario.
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Table 4. Penalty-weight sensitivity analysis under ±10% and ±20% perturbations

Test Case Description Strict FNR Range Query-Rate Range Δ Burden vs 
OFFLINE_CRC Range

MCAR30 EVSI_POS .093–.095 .008–.009 .004–.007

MCAR30 EVSI_BIND .092–.095 .024–.027 .023–.039

MCAR50 EVSI_POS .074–.075 .012–.021 .009–.012

MCAR50 EVSI_BIND .071–.073 .041–.044 .032–.059

The Monte Carlo EVSI calculation introduced a small online computational 
overhead. With K = 64 Monte Carlo samples, the mean runtime was 2.25 ms per 
missing-glucose candidate decision, with a median of 2.10 ms and a 95th percen-
tile of 3.46 ms. Results are shown in Table 5. These results indicate that the online 
EVSI decision step adds only a small per-decision overhead in the evaluated CPU 
environment.

Table 5. Runtime overhead of the Monte Carlo EVSI calculation 

Monte Carlo Samples Mean ms/Decision Median ms/Decision 95th Percentile

16 2.09 2.04 2.56

32 2.09 2.03 2.59

64 2.25 2.1 3.46

4.6	 Statistical comparison with QBC (Wilcoxon)

Query-by-Committee (QBC) was included as an uncertainty-based active query-
ing baseline. Disagreement among multiple predictive models is used as a proxy for 
uncertainty. The cases with higher disagreement are prioritized for querying.

To assess whether the observed policy differences are consistent across folds, we per-
formed a paired Wilcoxon signed-rank test. It compares EVSI_POS with the QBC base-
line using the paired Wilcoxon signed-rank test [32], [33]. For each fold, we compute the 
metric difference (Δ = EVSI_POS – QBC) for strict-FNR (resolved) and mean total burden.

A negative Δ indicates that EVSI_POS is better. In the per-scenario analysis 
(n_pairs = 3), a consistent advantage of EVSI_POS is suggested (all Δ negative; r_rb = 
-1). Although the tests are underpowered (p = 0.25), they do not reach significance. 
When we pool both scenarios (pooled, n_pairs = 6), EVSI_POS consistently shows 
better statistics than QBC in both strict FNR and burden (p = 0.03125 for both; r_rb = 
-1), demonstrating consistent improvement under the same budget and delay con-
straints. Table 6 reports the Wilcoxon comparison of EVSI_POS against QBC.

Table 6. Wilcoxon EVSI_POS vs. QBC

Scope Scenario Metric n_pairs median Δ p-Value r_rb

per-scenario MCAR30 strict-FNR (resolved) 3 -0.003875 .25 -1

per-scenario MCAR30 mean total burden 3 -0.003394 .25 -1

per-scenario MNAR_G250 strict-FNR (resolved) 3 -0.001057 .25 -1

per-scenario MNAR_G250 mean total burden 3 -0.003759 .25 -1

pooled ALL strict-FNR (resolved) 6 -0.002151 .03125 -1

pooled ALL mean total burden 6 -0.003576 .03125 -1
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5	 CONCLUSIONS

The proposed framework was evaluated through a broad set of experiments. 
From the results obtained, EVSI_POS provides a better balance between risk and 
burden in most scenarios by reducing the FNR at a moderate cost. EVSI_BIND is more 
cautious. When a high-value query is selected, EVSI_BIND temporarily abstains until 
the delayed confirmatory information becomes available. Therefore, EVSI_BIND is 
more cautious and can reduce risk in several settings, but this is achieved at higher 
query frequency and burden. Within the MCAR scenarios, larger improvements 
were observed as the missing data rate increased. The overall result shows that 
EVSI-based Active Acquisition improves the risk-burden trade-off compared to the 
Offline and Heuristic Baseline methods. These results demonstrate the benefits of 
EVSI-based active acquisition across the evaluated scenarios. The benefits of EVSI-
based Active Acquisition remain when compared to Baseline methods under both 
predictive models used in this study (LR to XGB) and under the realistic measurement 
delay/budget constraint conditions. Hence, we can conclude that the advantages of 
EVSI-based Active Acquisition derive from its decision-focused strategy, rather than 
from the specific model.

Compared to MCAR/MAR, the MNAR-G250 represents essentially an adversarial 
case. This is because the probability of missing is directly related to the value of 
the signal itself (e.g., glucose is missing more often when it is high). This causes the 
available information to become biased (selection bias), making it more difficult to 
calibrate and assess risk based on observed data alone. Second, the advantage of 
active acquisition can decrease when the delay is large. This is because query resolu-
tion arrives too late in a regime where critical events can develop quickly. Compared 
to MCAR/MAR, some configurations do not indicate that an EVSI-based policy failed 
on a theoretical basis. Rather, it indicates that MNAR limits how much information 
can be recovered from data without first identifying the missing data mechanism.

6	 FUTURE WORK

In the near term, we plan to extend the framework in several directions. First, 
the risk-targeted calibration layer will be developed and integrated with a fully for-
mulated CRC/LTT-based risk control mechanism. This will ensure the creation of a 
tighter link between empirical measures of downstream performance and sample 
risk targeted calibration. Second, the framework will incorporate more expressive 
counterfactual value models. Third, it will be extended from short-horizon glucose 
alarming to a larger class of medical time-series decision tasks, including other 
physiological monitoring settings, multimodal patient streams, and a variety of clin-
ically structured missing patterns. Future versions of the framework will include 
more complex delayed confirmations. A more practical approach for deployment 
would likely involve separating the full EVSI computation from the wearable sensor. 
Wearable devices typically have limited processing capabilities. They are designed 
primarily to sense physiological signals and transmit these data to a secondary 
processing system. Examples include a user’s smartphone, a home gateway, a hospi-
tal edge server, or even a cloud-based monitoring service.

This type of architecture is most appropriate when resources are constrained 
in terms of power consumption. Each wearable device can remain focused on its 
primary functions of sensing and transmitting. The EVSI-based decision process, 
which requires greater computational capability, is handled by the more powerful 
secondary processing system.
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While delayed confirmation was simulated using fixed time intervals in the 
current prototype, measurement availability in real clinical settings may vary due 
to sensor contact loss, patient movement, network instability during data transfer, 
or workflow-related delays. The EVSI framework can be generalized to account for 
this variability by taking an expectation over a waiting-time distribution. Instead 
of assuming a single deterministic delay, the decision algorithm would evaluate 
the expected value of waiting across possible arrival times of the confirmatory 
measurement.

A more extensive validation process for the framework will be performed using 
larger healthcare datasets.
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