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Importance: Safety issues leading to patient harm and significant costs have been identified in several post-market medical devices.
Recently, powerful learning effects (LE) have been documented in numerous medical devices. Correctly attributing safety signals to
learning or device effects allows for appropriate corrective actions and recommendations to improve patient safety.

Objective: To develop and assess the statistical performance of an analytic framework to detect the presence of LE and quantify the
learning curve (LC).

Design and Setting: We generated synthetic datasets based on observed clinical distributions and complex feature correlations
among patients hospitalized at US Department of Veterans Affairs facilities. Each dataset represents a hypothetical early experience in
the use of high-risk medical devices, with a device of interest and a reference device. The study blinded the analysis team to the data-
generation process.

Methods: We developed predictive models using generalized additive models and estimated LC parameters using the Levenberg-
Marqualdt algorithm. We evaluated the performance using sensitivity, specificity, and likelihood ratio (LR) in detecting the presence of
LE and, if present, the goodness-of-fit of the estimated LC based on the root-mean squared error.

Results: Among the 2483 simulated datasets, the median (IQR) number of cases was 218,000 (116,000-353,000). LE were detected in
2065 of the 2291 datasets for which learning was specified (sensitivity: 90%; specificity: 88%; LR: 7). We adequately estimated the LC
in 1632 (81%) of the 2013 datasets in which LE was detected and estimated LC.

Discussion: This study demonstrated the framework to be robust in disentangling LE from device safety signals and in estimating LC.
Conclusion: In medical device safety evaluation, the operator-learning effects associated with the safety of medical devices can be
effectively modeled and characterized. This study warrants subsequent framework validation by using real-world clinical datasets.
Keywords: post-market surveillance, generalized additive models, Levenberg-Marqualdt algorithm, learning curve

Introduction
Medical device design faults or incorrect use may lead to a significant risk of patient injury and represent an important
preventable public health risk in the United States.' Safety issues have been identified in numerous medical devices
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after market release,” '' and the human health and cost burden associated with these device failures is very high.'? The
US Food and Drug Administration (FDA) has recommended active post-market surveillance strategies to address the
limitations of voluntary adverse event reporting, which has been the mainstay of medical device safety.'*'® Specially
designed software platforms, such as the Data Extraction and Longitudinal Time Analysis (DELTA) system that
leverages clinical data repositories, have been validated to perform accurate, near real-time, active surveillance and
monitoring of adverse outcomes for medical devices.'®

However, a significant methodological challenge for medical device safety surveillance is the detection and separation
of learning effects (LE) from intrinsic device failures, leading to adverse events. Clinical providers frequently experience
a learning curve (LC) as they incrementally master the use of novel medical devices and complex procedures that may be
required for their successful use. Such learning can have a significant impact on outcomes, particularly during early
experience with novel medical devices, representing up to 30—70% of early safety risk.>*>' The incremental risk due to
LE as providers and institutions become proficient with a novel device may be falsely attributed to the device’s intrinsic
performance, leading to misattributed warnings for patients, clinicians, institutions, and regulators. Conversely, in cases
where the intrinsic device performance is poor, a safety signal may be mistakenly attributed to learning effects, leading to
the missed or delayed identification of an intrinsic device safety signal. For example, the adverse effects attributed to
Cordis Cypher sirolimus-eluting coronary stents were later investigated and attributed to operator learning. The FDA
subsequently addressed this issue through guidance on usage rather than recall.'” The main mechanism of failure in the
Sprint Fidelis lead and ASR hip system recalls was attributed to flaws in device design, rather than operator or surgeon-
related factors.*> ¢ The largest systematic review of more than 4500 learning impact studies in healthcare identified
a general lack and inconsistency in the methods used to quantify learning.’” The FDA has thus identified the impact of
learning effects on procedure performance as an important area of study in post-market surveillance.'®

Learning effects can be defined as a proportional improvement in performance, which may be measured in terms of
the clinical outcomes following a medical procedure, with accumulating experience.”®

LCs have been established in implantable medical device procedures for example; gastrointestinal stenting, carotid
arterial stenting, total coronary occlusions interventions and, vascular closure devices.?’-**%42

Other surgical procedures include; total hip arthroplasties, stapes surgery, arterial vascular access and, laparoscopic
rectal cancer excisions.”>2%**** In these examples, LCs were quantified using a change in success rates with an
increasing number of procedures. The other measures were volume-based for example, the decreasing average number
of stents used per procedures with increasing case count. Nallamothu et al demonstrated higher outcome rates among
operators with lower annual volumes and, higher outcome rates earlier versus later in a new operator’s experience as
a LC. Learning effects at both operator and institutional levels have been identified.”*2%*%*>%> A strong industrial
learning literature describes that learning risk and experience follow a variety of decay curve relationships in which risk
declines with increasing experience.*® Using the NCDR (National Cardiovascular Data Registry) CathPCI registry
Resnic et al demonstrated a triphasic LC with increasing experience in use of a novel medical device.** Govindarajulu
et al used complex simulated datasets to evaluate multiple methods for modeling LE and demonstrated that generalized
estimating equations (GEE) performed better than generalized linear mixed-effect (GLME) models when modeling LE in
hierarchical data. Additionally, Govindarajulu et al employed and evaluated several smoothing methods to represent the
LC.*® Using complex simulated datasets, Koola et al developed a machine learning-based framework to account for LE
to derive an accurately adjusted intrinsic medical device signal.*’” These and other previous studies have demonstrated the
challenges and value of rigorous modeling of LE and the quantification of LC. In this study, we used generalized additive
models (GAM) to develop predictive models. Similar to GEE and GLME, GAMs can model clustered data. GAMs offer
greater flexibility than GLMEs by modeling complex nonlinear relationships without prespecified functional forms. This
flexibility makes GAMs more versatile than both GEEs and GLMEs for capturing intricate data patterns.*®

Across previous research, there has been limited exploration of the detection, quantification, and separation of LC
effects from device intrinsic performance in medical device evaluation. The detection and quantification of LC are
critical precursors during clinical data analysis to achieve the separation of LC from intrinsic device risk and to estimate
learning-adjusted device safety profiles. To address this methodological gap, we extended our previously developed
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active surveillance analytic strategy, into a novel framework to process preliminarily identified safety signals by
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determining if LE is present and, if so, subsequently estimating the LC functional form. As a precursor to assessment on
real-world application using clinical data registries, we describe the methodological and validation approach used to
develop and test the statistical performance of our flexible and robust framework in the setting of an active surveillance
strategy.

Materials and Methods
Synthetic Data Development

To evaluate and calibrate our framework, selected team members (SED, MEM, and FSR) developed and validated the
Data Generation Process (DGP). The methodology development team (including HCS, JDK, JM, AMP, and USG) was
blinded to the underlying assumptions and specifications of each simulated dataset, which provided the ground truth. The
DGP produced complex, synthetic datasets that mimic real-world clinical datasets representing high-risk medical device
exposures and clinical outcomes.*’ The datasets incorporated a wide range of patient features, device safety signals and
LE, including no LE (Refer to Figure 1 for an illustration of the difference between device and learning effects). Each
dataset was modeled using two medical devices: one device was identified as the device of interest (DOI), whereas the
other served as the reference comparator device. The accruing operator experience for DOI and reference devices was
represented by separate case orders.

Specification of the Data Generation Process

Patient Features

Patient features were simulated based on clinical data from the US Department of Veterans Affairs (VA). We collected
information on a sample of inpatient admissions that lasted at least 48 hours, involved patients aged > 18 years, and
during which patients did not receive hospice care. We excluded admissions at VA facilities with fewer than 100
admissions per year and those that did not report key data to the central data warehouse. Our dataset included
demographics, vital signs, medications, laboratory values, diagnoses, admission characteristics, and healthcare utilization
(See Table 1).

Devices

We assigned hypothetical patients to one of two devices, considering one device to be an established treatment and the
other to be a novel DOI for safety evaluation. The DOI was assigned to a mean of 20% (range: 15-25%; Standard
Deviation (SD): 5%) or 50% (range: 45-55%; SD 5%) of patients, with one of 5 patterns of association between patient
features and device assignment randomly selected to generate each dataset. Safety signals for the DOI were specified at

Device of interest (DOI)

Adverse event rate

A
v
+“—>r

Alternative device

Experience (Case order)

Figure | lllustration of the difference between device and learning effects. Learning effect-The device of interest (DOI) demonstrates a decrease in the adverse event rate
with accruing operator experience; Learning magnitude-The increment in the base outcome rate attributable to learning effects with a peak at the earliest experience level;
Learning speed-A measure of how much experience is needed for the peak learning magnitude to decrease by 95%; Device effect-The difference in adverse event rate between
the alternative (reference) device and DO, after adjusting for patient factors and learning effects.
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Table | Overview of Select Patient Features in Reference Population Used by the Data
Generation Process

Feature Distribution in Reference Population
Age in years, median [IQR] 64 [56, 75]
Sex (% male) 96
Race (%)
White 73
Black 22
Other 2
Unknown 3
Chronic kidney disease (%) 16
Chronic obstructive pulmonary disease (%) 30
Hypertension (%) 76
Myocardial infarction (%) 20
Insulin use in prior 90 days (%) 19
Statin use in prior 90 days (%) 49
Hemoglobin at admission, median [IQR] 124 [10.7, 14]
White blood cell count at admission, median [IQR] 7.7 [6, 10]
Encounters in prior year, median [IQR] 34 [18, 61]

Abbreviation: IQR, Interquartile Range.

four levels with a mean odds ratio of 1.0 (no signal, all 1.0), 1.25 (range: 1.2-1.3; SD: 0.1), 1.75 (range: 1.7-1.8; SD:
0.1), or 2.5 (range: 2.45-2.55; SD: 0.1).

Institutions

Patients in each dataset were assigned to an institution, with each dataset including either a mean of 25 (range: 20-30;
SD: 9) or 75 (range: 65-85; SD: 9) institutions. Half of the institutions in each dataset were assigned a high volume
(mean: 50 providers; range: 40—60; SD: 3) and half a low volume (mean: 15 providers; range: 10-20; SD: 3). No
institutional-level learning effects were generated in this simulation.

Operators

Patients in each dataset were assigned to an operator. Each operator was assigned to patients from a single institution, and
operators entered the time series of cases over the course of 3 years, with 50% of an institution’s operators beginning at
the start of the series, 25% entering in year 2, and 25% entering in year 3. The operators were assigned a high or low
volume based on the annual number of cases. High-volume operators were assigned a mean of 100 patients (range:
85-115; SD: 4) per year, and low-volume operators were assigned a mean of 30 patients (range: 20—40; SD: 3) per year.
The learning effects for patients receiving DOI were specified at the operator level in some datasets and not in others.
When the learning effects were specified, they took a power-law, exponential, or Weibull form. The initial learning
magnitudes were set to 25% (range: 20-30%; SD: 5%) or 50% (range: 45-55%; SD: 5%) of the mean probability of an
adverse outcome due to patient features and device assignment. The learning effects dissipated as simulated operators
achieved proficiency over their first 25 (range: 20-30; SD: 8) or 75 (range: 70-80; SD: 8) cases with DOI.

Outcomes

The association between patient features and outcomes was randomly selected from five patterns of association. The
overall outcome rate in each dataset was set to a mean of 5% (range: 3—7%; SD: 2%) or 20% (range: 17-23%; SD: 2%).
The conversion from probabilities to binomial outcomes generated noise; however, no additional noise was generated.

Other
No missing data were created, and all variables used in the assignment of the device and/or outcome were included in the
final dataset available to the analysis team.
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Statistical Framework

We developed a process to assess each synthetic clinical dataset for the evidence of LE. If LE was present, the functional
form and magnitude of the LC were estimated (Refer to Figure 2 for the overall steps in the analytic workflow). The
overall framework was implemented as a data analysis pipeline using the R programming language version 4.3°° which
was designed with customizable options to allow substantial configuration at each step.

Outcome Measures
The main outcome measures were the sensitivity, specificity, and likelihood ratio (LR) of correctly detecting the presence
or absence of learning effects, and the proportion of datasets with an adequately quantified LC.

Learning Effect Detection

We used GAM models implemented in the “mgev” R-package to build two models.*® The first model was specified with
a binary safety outcome (device failure) regressed on patient features and device used as the covariates, but without
including operator experience or device order in the model. The second GAM model is similar to the first model but now
includes the case order for the DOI (Device B). To specify no expectation of learning for the reference device (Device
A), we set the case order for all reference device observations to the maximum case order for the DOI, presuming that the

Data generation & Analytic team
Evaluation team

Data generation Data repository GAM modelling

Specify:
» Data properties

+ Patient features

* Operator factors

* Institutional factors
Outcome rates

| A large library of
datasets

| Each dataset has

varying properties

and number of

| observations

Specify two models:
¢ Null model
* Alternative model

Performance
evaluation

Learning effect
quantification

Learning effect
detection

Compare null and

Estimate learning
risk

»  Fit functional forms
using NLS & LM
Select best form

alternative models
Use Likelihood
ratio test

Specify
significance level

Compare
estimates to
ground-truth
properties

Figure 2 Overall steps in the analytic workflow to detect the presence of learning effects and quantify a learning curve. The analytic team was separated and blinded from
the data generation process and performance evaluation.
Abbreviations: GAM, Generalized additive model; NLS, Non-linear Least Squares; LM, Levenberg-Marqualdt algorithm.
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highest observed case order for the DOI was at a point after proficiency was achieved, and any learning effects were
extinguished. Both the models include operator clustering. To detect the presence of LE, we compared the two models
using the Likelihood ratio test (LRT) to assess the goodness-of-fit where, the first model without case order was the null
model.”' > We tested the null hypothesis that both models fit the data equally well. A significance level of 5% and below
was used to reject the null hypothesis and to conclude that the second model, which incorporated the device use case
order, had a significantly better fit, indicating the presence of LE. Refer to Appendix 1 for details on our considerations
and specification of GAM.

Learning Effect Quantification

In cases where learning was detected, LE quantification was performed in which we sought to estimate the functional
form of LC. We defined LC as the mathematical functional form that represents the decay relationship as LE decreases
towards 0, as proficiency with the novel device is achieved. Firstly, we estimated the “LE adjusted risk” by using
the second GAM model to derive predictions for each case where the DOI was used. Second, we estimated the “non-LE-
adjusted risk” by deriving predictions from the same model and DOI dataset, setting the case order for each observation
to be equal to the maximum case order value when the effect of learning on the probability of an outcome would be
minimized. Third, we derived the “learning-associated risk” for each case as the difference between “LE adjusted risk”
and “non-LE adjusted risk”.

Finally, we sought to characterize the relationship between case order (a covariate) and “learning-associated risk™ (the
dependent variable) by fitting decay functions to all DOI data. We assumed that if learning effects exist, they are
represented by functional forms whose parameters can be estimated from one of several well-established learning-curve
functional forms (see Table 2). We relied on the Non-linear Least Squares (NLS) approach using the Levenberg-

Marqualdt (LM) algorithm, as implemented in the software,>*

to estimate the parameters for three pre-selected LC
functional forms: Exponential, power law, and the four-parameter Weibull. The LM algorithm was implemented using an
R-package-minpack.lm that provides an initial estimation for the starter values for each parameter.”® When a form fit
failed to converge, no recovery from failure was implemented. Instead, the next form was fit until all three forms were
tried before proceeding with the form selection. We implemented a mechanism to select the best form based on multiple
criteria, which included the speed of model convergence measured by the number of iterations required for the model to
converge, significance of the parameter estimates (p-value<0.05), and lowest residual sum of squares. If the criteria were
similar among functional forms, we chose the power law as a default form because of its wide usage in representing
learning as well as the fact that this form has the least number of parameters.’” We generated a 95% confidence interval
of the estimated learning curve by performing the same NLS fit of the selected form on 10,000 bootstrap samples of the
DOI dataset.

Evaluation of System Performance

The evaluation process was designed to assess the performance of the framework in terms of the statistical measures.
Using synthetic datasets with known specified characteristics, our estimates were compared with the actual conditions
(ground truth) specified by DGP. The performance of our LE detection approach was evaluated using the sensitivity,
specificity, and likelihood ratio (LR). The learning curve quantification performance was measured as the proportion of
datasets with adequate goodness-of-fit, defined as the root-mean-squared error (RMSE) between the estimated and

Table 2 Functional Forms and Statistical Characteristics Among Potential Learning Rate Equations

Functional Form | Learning Rate Jf(x)/0x | Initial Performance f(1) | Asymptote lim f(x)
X—00

Weibull a+bexp(—cx!) —bedx?" exp(—cx) a+bexp(—c) a
Power law a+bx ¢ —cbx—(e+D) a+b a
Exponential a+ bexp(—cx) —bcexp(—cx) a+ bexp(—c) a
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ground truth (specified) LC. We categorized the RMSE values into three levels of adequate goodness-of-fit: a) highly
conservative (< 1), b) moderately conservative (< 3.0), and c) less conservative (< 5.0).

This work was approved as exempt by the Tennessee Valley Healthcare System Veteran Administration (VA)
Institutional Review Board (IRB) and the Vanderbilt University Medical Center IRB. The exemption was granted

based on a determination that the study did not constitute human subject research.

Results

We generated 2483 synthetic datasets using combinations of the DGP specifications described above. Table 3 presents
a summary of the characteristics of the synthetic datasets specified during DGP. These datasets include a median of
218,000 observations and 1500 operators. No learning effects were specified for 192 (7.7%) of the datasets. Among the
2291 datasets with specified learning effects, the functional forms assigned were evenly distributed among the Weibull
(n: 767), power law (n: 761), and Exponential (n: 763) distributions. Approximately half of the datasets with specified LE
had a large magnitude (n: 1146), and half incorporated fast learning speed (n: 1145).

Table 3 Characteristics of the 2483 Synthetic Datasets Created by the Data
Generating Process

All Datasets (n=2483)
Number of Operators, median (IQR) 1500 (792-2420)
Number of Observations, median (IQR) 218,000 (116,000-353,000)
Operator Learning — Form
Absent 192 (7.7%)
Weibull 767 (30.9%)
Power law 761 (30.6%)
Exponential 763 (30.7%)
Operator Learning - Initial Magnitude®
Absent 192 (7.7%)
Small 1145 (46.1%)
Large 1146 (46.2%)
Operator Learning — Speed®
Absent 192 (7.7%)
Slow 1146 (46.2%)
Fast 1145 (46.1%)
Strength of device signal
Absent 623 (25.1%)
Low (OR ~ 1.25) 622 (25.1%)
Medium (OR ~ 1.75) 618 (24.9%)
High (OR ~ 2.5) 620 (25.0%)
Base outcome rate®
p ~ 0.05 1241 (50.0%)
p~020 1242 (50.0%)
Number of patient variables
25 (n=1058) 1267 (51.0%)
50 (n=1020) 1216 (49.0%)

Notes: *Learning magnitude, defined as the absolute increase in adverse event rate in the first
case involving B (small and large), corresponds to 25% and 50% of the mean probability of an
adverse outcome due to patient features and device, respectively. ®Learning speed is defined as
the case order by which 95% of learning has occurred; slow and fast correspond to 75 and 25
cases, respectively. “Base outcome rate defined as adverse event rate when learning has been
saturated.

Abbreviations: IQR, Interquartile range; OR, Odds ratio.
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Learning Effect Detection

The LRT technique detected learning in 2065 of the 2291 datasets where learning was specified and in 24 of the 192
datasets where no learning effect was specified, yielding an overall sensitivity of 90.1% with an overall specificity of
87.5% (likelihood ratio: 7.2). The performance of the learning detection method was better when the magnitude of
learning was high (sensitivity: 99.6%), the speed of learning was lower (sensitivity: 94.1%), and the specified learning
effect functional form was exponential (sensitivity: 94.8%). Conversely, the method performed poorly when the outcome
rate was low (sensitivity: 83.1%) and the magnitude of the learning effect was low (sensitivity: 74.9%), as shown in
Table 4.

Learning Effect Quantification

The LM algorithm successfully estimated the learning curve in 2013 (98.1%) of the 2065 datasets in which learning was
specified and detected. We correctly selected the specified functional form of LC in 50% of these datasets (see Table 5).
None of the three LC functional form models converged in 52 of the 2065 datasets (convergence failure rate: 2.5%)
where learning was specified and detected. Non-convergence was slightly higher in datasets with Weibull as a specified
form (3.5%) compared with exponential (2.1%) and power law (2%).

Table 4 Performance Evaluation for Learning Effect Detection Stratified by Outcome Rate, Functional Form, Learning Magnitude and
Speed

Dimension Levels Datasets | Specified | Detected | Accuracy | Specificity | Sensitivity | PPV NPV | LR
(n) (n) (n) (%) (%) (%) (%) (%)
Overall 2483 2291 2089 89.9 87.5 90.1 98.9 426 72
Specified Absent 192 0 24 87.5 87.5 - - 100
Learning Present 2291 2291 2065 90.1 - 90.1 100 -
Outcome Rate 5 1241 1145 965 83.4 86.5 83.1 98.7 30.1 6.2
(Mean) 20 1242 1146 1124 96.5 88.5 97.1 99 72 8.4
Functional Power law 761 761 662 87 - 87 100
Form Weibull 767 767 680 88.7 - 88.7 100
Exponential 763 763 723 94.8 94.8 100
Learning Low 764 764 572 749 100
Magnitude® Medium 764 764 733 95.9 100
High 763 763 760 99.6 100
Learning Speed® Low 763 763 718 94.1 100
Medium 764 764 683 89.4 100
High 764 764 664 86.9 100

Notes: *Tertiles based on maximum event rate before experience is accrued. "Tertiles based on the specified experience level when 50% learning was achieved.
Abbreviations: PPV, Positive predictive value; NPV, Negative predictive value; LR, Likelihood ratio.

Table 5 Comparison Between the Specified Functional Form and Form
Selected

Learning Effects Specified by DGP as Present and Detected (N=2065)

Specified Form | Datasets, n (%) Fitted Form Form Selected, n (%)
Exponential 723 (35) Exponential 354 (49)
Power law 43 (5.9)
Weibull 311 (43)
No convergence 15 (2.1)

(Continued)
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Table 5 (Continued).

Learning Effects Specified by DGP as Present and Detected (N=2065)
Specified Form | Datasets, n (%) Fitted Form Form Selected, n (%)
Power law 662(32.1) Exponential 73 (11)
Power law 359 (54.2)
Weibull 217 (32.8)
No convergence 13 (2)
Weibull 680 (32.9) Exponential 290 (42.6)
Power law 70 (10.3)
Weibull 296 (43.5)
No convergence 24 (3.5)

Abbreviation: DGP, Data generation process.

Table 6 provides an example of the output generated during the LC quantification stage for a synthetic dataset. The NLS
models were fitted using all three pre-specified mathematical functional forms. However, for this dataset, the power law
model failed to converge, whereas the Weibull and exponential models converged. We then applied our pre-specified
criteria to identify the best fitting form, selecting the exponential form owing to the low number of iterations needed to
converge, lower residual sum squared, and fewer parameters compared to the four-parameter Weibull. During evaluation,
the functional form for the dataset in this example was correctly identified as exponential, and the estimated learning curve
had an RMSE of 0.13 when compared to the ground-truth curve specified in DGP, representing a high goodness-of-fit.

Figure 3, we provide two illustrative examples of the best-fitting curve versus the underlying specified decay function.
In one example (Figure 3A), the DGP specified an exponential function form and, while we estimated a power law curve,
our estimated LC closely followed the specified curve, with an RMSE of 0.01. In the second example (Figure 3B), we
estimated an exponential form for the LC that did not perform well compared to the specified Weibull LC (RMSE: 4.07).

Overall, as shown in Table 7, based on a highly conservative cutoff (RMSE < 1.0), 1632 (81.1%) of the 2013 datasets
for which LE was estimated had an adequate fit compared to the specified LC. LC estimation performance was better
with moderate learning speeds (93.4%) and a larger volume of DOI observations (91.2%). Conversely, the method
performed poorly when the specified learning magnitude was high (59.5%), and when there were fewer DOI observa-
tions (69.4%).

At a moderately conservative cutoff (RMSE<3.0), 1926 (95.7%) datasets had an adequate LC fit. A better perfor-
mance was observed when there was a larger volume of DOI observations (99.7%). Conversely, slightly lower
performance was observed in datasets with fast learning speeds (92.1%) and in datasets with a low volume of DOI
observations (91.4%). At a less conservative cut-off (RMSE<5.0), 1969 (97.8%) datasets had an adequate LC fit. Better

Table 6 Example of the Output From Learning Curve Functional Form Parameter Estimation

Functional Form | Parameter | Estimate SE p-value | 95% LCIl | 95% UCI | Converged | Iterations | RSS
Weibull a 0.0662 0.0004 | <0.001 0.0654 0.067 Yes 29 54.34
b —-0.1083 | 0.0041 | <0.00I -0.1163 -0.1003
c 7.9988 0.3807 | <0.001 7.2526 8.745
d —-0.6272 | 0.0241 | <0.00I -0.6744 -0.58
Exponential a —-0.0017 | 0.0005 | 0.0014 -0.0027 -0.0007 Yes 23 54.32
0.0725 0.0004 | <0.001 0.0717 0.0733
c 0.0345 0.0006 | <0.001 0.0333 0.0357

Abbreviations: SE, Standard Error; LCIl, Lower confidence interval; UCI, Upper confidence interval; RSS, Residual Sum Squared.
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Figure 3 lllustrative examples. lllustrative examples using two synthetic datasets with specified learning effects that were detected and estimated by our framework. (A)
DGP specified an exponential functional form, and we estimated the Power-Law with an RMSE of 0.01.
Notes: The estimated superimposes the specified form. (B) DGP specified a Weibull functional form; we incorrectly estimated an exponential form with an RMSE of 4.07.

performance was observed in datasets with a larger volume of DOI observations (100%), slow learning speeds (99.1%),
and when the specified functional form was power law (99.1%). Conversely, slightly lower performance was observed in
datasets with fewer DOI observations (94.6%) and faster learning speeds (95.4%). Among the 2013 datasets for which
we estimated LCs, only 44 (2.2%) had an RMSE > 5.0. These datasets were most commonly specified in the exponential
form (63.3%), had a low volume of DOI observations (81.8%), and were specified with fast learning speeds (70.5%).

Discussion and Outlook

In this study, we addressed an important methodological gap in medical device safety evaluation by providing
a framework for LE detection and LC quantification in clinical data analyses. This builds on prior post-marketing
surveillance methods,****>%>7 by seeking to disentangle LE from intrinsic device safety risks. We pre-specified three
functional forms of learning, developed criteria to assess and determine the best functional form based on observed data,

Table 7 Performance Assessment of the Estimated Learning Curve Using RMSE Stratified by Specified Functional Form, Patient
Features, Number of DOI Observations, Outcome Rates Learning Speed and Magnitude

RMSE Cutoffs <=1.0 <=2.0 <=3.0 <=4.0 <=5.0 >5
Dimension Level Total n (%) n (%) n (%) n (%) n (%) n (%)
Overall 2013 | 1632 (81.1) | 1849 (91.9) | 1926 (95.7) | 1962 (97.5) | 1969 (97.8) | 44 (2.2)
Specified functional form Power-Law 649 464 (71.5) 587 (90.4) 628 (96.8) 642 (98.9) 643 (99.1) 6 (0.9)
Weibull 656 560 (85.4) 615 (93.8) 632 (96.3) 643 (98) 646 (98.5) | 10 (1.5)
Exponential 708 608 (85.9) 647 (91.4) 666 (94.1) 677 (95.6) 680 (96) 28 (4)
Number of patient features® Low 671 542 (80.8) 623 (92.8) 644 (96) 660 (98.4) 660 (98.4) | I (1.6)
Medium 671 543 (80.9) 608 (90.6) 638 (95.1) 651 (97) 653 (97.3) | 18 (27)
High 671 547 (81.5) 618 (92.1) 644 (96) 651 (97) 656 (97.8) | 15(22)
DOI Number of observations® Low 671 466 (69.4) 567 (84.5) 613 (91.4) 630 (93.9) 635 (94.6) | 36 (54)
Medium 671 554 (82.6) 625 (93.1) 644 (96) 661 (98.5) 663 (98.8) 8 (1.2)

High 671 612 (91.2) 657 (97.9) 669 (99.7) 671 (100) 671 (100) 0 (0)
Outcome rates® Low 671 542 (80.8) 623 (92.8) 644 (96) 660 (98.4) 660 (98.4) | I (1.6)
Medium 671 543 (80.9) 608 (90.6) 638 (95.1) 651 (97) 653 (97.3) | 18 (27)
High 671 547 (81.5) 618 (92.1) 644 (96) 651 (97) 656 (97.8) | 15(22)
(Continued)
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Table 7 (Continued).

RMSE Cutoffs <=1.0 <=2.0 <=3.0 <=4.0 <=5.0 >5
Dimension Level Total n (%) n (%) n (%) n (%) n (%) n (%)
Specified learning speed® Slow 671 483 (72) 608 (90.6) 649 (96.7) 664 (99) 665 (99.1) 6 (0.9)
Medium 671 627 (93.4) | 653 (97.3) 659 (98.2) | 663 (98.8) 664 (99) 71
Fast 671 522 (77.8) | 588 (87.6) 618 (92.1) | 635 (94.6) | 640 (954) | 31 (4.6)
Learning magnitude® Low 671 614 (91.5) | 632 (94.2) 644 (96) 649 (96.7) | 654 (97.5) | 17 (2.5)
Medium 671 619 (92.3) | 645 (96.1) 654 (97.5) | 658 (98.1) | 659 (982) | 12(1.8)
High 671 399 (59.5) | 572 (85.2) 628 (93.6) | 655 (97.6) | 656 (97.8) | 15(2.2)

Notes: *Derived as tertiles. Derived as tertiles of the number of cases at 50% of asymptote (a high number of cases means a slow learning speed). “Tertiles based on
maximum event rate before experience is accrued.
Abbreviations: RMSE, root-mean-squared error; DOI, Device-of-interest.

and demonstrated that the LM algorithm could be applied to estimate the parameters of an LC functional form. In
addition, we introduced GAMs as a robust alternative modeling technique to the GEE and GLME models when modeling
complex nonlinear relationships between adverse events and accruing experience. One of the strengths of this framework
is that it is flexible and allows the inclusion of other mathematical LC functional forms as needed.

Overall, the performance of the framework was robust in detecting the presence of a learning effect and estimating
a learning curve that reflected the specified curve when learning was determined to be present. We achieved good
performance for the outcome measures in detecting the presence of learning and adequately estimated LC in datasets for
which a curve could be estimated, depending on the conservativeness of the threshold used.

It is important to note that this framework employs parametric methods that require pre-specifications of the level of
significance and the functional forms to consider. We used an alpha level of 5% during learning detection to achieve
a higher sensitivity than specificity. The LE detection stage is a critical step in our active surveillance strategy, because
the decision to seek the separation of learning from device effects relies on our ability to detect the presence of learning
with high reliability. Therefore, a more conservative alpha level can be considered if the specificity is more critical than
the sensitivity for a particular case.

There were several notable findings from the LE quantification stage, during which the algorithm estimated the LC by
approximating the parameters of the pre-specified mathematical functional forms. As may be expected, based on a highly
conservative threshold (RMSE < 1.0), the performance was better in datasets with high volumes of DOI observations and
medium learning speeds. Lower performance in the presence of fast or slow learning speeds is an assumed limitation in
curve fitting when the slope change over time is too rapid or too slow at fast and slow learning speeds, respectively.
Similarly, the algorithm’s performance may be limited in low-data-volume scenarios with relatively few observations of
the DOI at each case order, which reflects the early adoption of a novel medical device.

We observed a slightly higher rate of convergence failure during LE quantification in the datasets with a specified
Weibull form. We attribute this to the larger parameter space for the four-parameter Weibull form; it may be more
difficult to identify suitable starter values to achieve convergence. The function may have multiple minima and becomes
sensitive to meta-parameter starter values, causing a lack of LM algorithm convergence if meta-parameters tend towards
local minima.’® While we mitigated this possible issue by using all observations without summarization and, the
randomness observed in noisy data may help the algorithm escape local minima, a systematic grid search for meta-
parameters could be considered in future implementations of our analytic framework. Alternatively, in our future work
we plan to implement and evaluate a new process for handling non-converging datasets. This approach will utilize a non-
parametric pipeline, recently developed by Koola et al, to reprocess the datasets. By integrating the machine-learning
pipeline, we aim to complement our approach by leveraging its flexibility and freedom from parametric assumptions to
improve overall performance. Although power law is the most common functional form of LC, we found that the
performance of the Weibull form was high. We interpret this as indicating that the algorithm may struggle in scenarios
with heavy-tailed LC distributions (seen in slow learning) such as power law, compared with light-tailed distributions
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(seen in fast learning) such as exponential. A generalized Weibull distribution is light-tailed and can be heavy-tailed
when the shape parameter is between zero and one, making it versatile.

Applications on Real-World Data

Running experiments on data with known properties are an invaluable tool in health research and validation of
novel methods.”® Here we used synthetic datasets with properties that are unknown in real-world datasets,
allowing us to validate and benchmark the performance of our approach under a variety of data properties and
potential circumstances affecting real-world healthcare data. We also employed best practices to blind analytic
team members to the underlying parameters and characteristics of the synthetic data in order to minimize
experimenter bias. While this approach establishes the feasibility of our approach, synthetic data cannot fully
reflect the real world, and as a result, the performance may differ in real-world data. We observed lower
performance in datasets with limited observations, suggesting that low device adoption in real-world scenarios
may lead to increased uncertainty in assessing learning curves. In future work, we will apply our statistical
framework to real-world clinical device registry data to validate our novel LC detection tools against previously
reported device safety concerns leading to recall, redesign, or updated training requirements. In real-world
scenarios, causal ambiguity poses a significant challenge, making it difficult to discern whether device-related
issues stem from inherent design flaws, operator factors such as learning curves, or a complex interplay between
both. This ambiguity is further compounded by limitations like sparse data, unknown confounders, and intricate
interactions.

Study Limitations

First, as noted above, synthetic datasets require some simplifying assumptions and cannot fully reflect the complexity of
clinical observational data, which may influence the performance of our framework when applied to real-world scenarios.
Multiple unknown operator, institutional, and patient factors, as well as device originality are challenging to simulate yet
they contribute to real-world cause ambiguity. To address the limitations of synthetic datasets as part of our framework
development strategy, we are conducting subsequent studies with real-world clinical data for further validation. Second,
our approach assumes that LE is represented by only three pre-specified functional forms, which do not fully represent all
potential learning curve mathematical forms or deal with unknown complexities of the experience-risk relationship. To
address this limitation, the framework was built with flexibility to allow other functional forms to be considered in the LE
quantification stage. Additionally, we included the Weibull functional form, which is highly versatile for modeling
various forms and may be able to capture patterns similar to diverse LC forms. Third, the study evaluated operator-level
learning effects but did not evaluate potential coexisting institutional learning effects. Finally, we relied on parametric
methods that may not identify interaction terms and nonlinear relationships between risk covariates if not declared
a priori.

Conclusion

We developed and validated a comprehensive analytical framework that demonstrates the ability to detect learning effects
and estimate an accurate LC that reflects observed learning. This approach represents an important step towards fully
disentangling the intrinsic device safety risk from the risk associated with the learning process. This study contributes to
a broad interest in understanding the learning effects of active surveillance efforts on medical devices. The framework
developed here is flexible and can be adapted outside medical device safety evaluations, including procedural outcome
evaluations, where LE have also been observed. This study contributes towards our larger post-marketing active
surveillance strategy with the goal of reducing the misinterpretation of device signals by correctly attributing devices
and learning effect risks. In practice, this framework could improve signal interpretation during early adoption of novel
devices, reducing false alarms that lead to costly recalls and better informing training programs and regulatory guidance.
Estimating the magnitude and rate of learning effects could also help inform physician training protocols to optimize
outcomes as new devices are adopted into clinical practice. The framework offers a data-driven method to identify
potential safety risks related to learning effects, allowing regulatory agencies to assess these risks more effectively under
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different statistical conditions. Additionally, the framework can be used for ongoing monitoring and evaluation, tracking
the effectiveness of risk mitigation strategies over time as new data becomes available, and enabling adjustments to be
made as needed. The framework’s ability to quantify learning curves for a program or individual operators can inform the
development of targeted training programs. In the case of Cordis Cypher stents, our framework would have analyzed
eight years of data on Cordis Cypher stent usage to detect learning effects early on and understand the shape and
characteristics of the operator learning curves. Conversely, in the Sprint Fidelis lead and ASR failure cases, the
framework would demonstrate a possible lack of statistically significant correlation between operator experience and
adverse event rates, suggesting that device-related factors were the primary contributors to the failures rather than
operator issues.

The findings of this study warrant future research and validation by applying our approach to real-world examples, in
which understanding device safety and learning are critical for protecting patient safety while ensuring access to
successful novel medical advances.
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