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eMaterial. Supplemental Study Methods 

Model development 

For the development of a diagnostic assessment tool that maximizes the diagnostic potential of 
non-invasive parameters, multivariable logistic regression models were created with the 
following independent variables: age, gender, systolic blood pressure, body mass index, 
hematocrit, creatinine, beta natriuretic peptide, troponin, triglycerides, RBP4, TTR, 
electrocardiographic parameters (PR interval, QRS interval, QTc interval duration, mean limb 
lead QRS voltage and QRS voltage to LV mass ratio), and echocardiographic parameters (left 
ventricular ejection fraction, left ventricular mass index, interventricular septum diameter and 
presence of grade 3 diastolic dysfunction). These variables were preselected as having a potential 
diagnostic value based on biological plausibility and prior studies indicating their significant role 
in mutant ATTR. Gender, history of diabetes and presence of grade 3 diastolic dysfunction were 
modelled as categorical variables in logistic regression whereas all other parameters were 
modelled as continuous variables. Before model selection, multicollinearity was assessed by the 
variance inflation factor (VIF) with subsequent backwards elimination of variables with VIF>10. 
Selection of the best variables to be included in the final model was performed with the 
following process: 

Deletion of cases with missing data may introduce bias and increases the variance (1). Therefore, 
before the analysis for model selection, in 37 patients that had at least one missing value for any 
of the aforementioned variables in our dataset, multiple (10-fold) imputation was performed by 
predictive mean matching (2). Of note, none of the patients had missing data on more than three 
variables. In fact, only 70 out of a total of 1875 (3.7%) individual values of the different 
variables were missing and imputed as described above. This led to the creation of 10 different 
datasets each consisting of the results of one imputation. As performing imputation to calculate 
values of the response variable could result in significant error and introduce bias, 4 patients 
whose TTR genotype was unknown were excluded from the analysis.  

Least absolute shrinkage and selection operator (LASSO) regression was used to select the 
variables that would lead to the optimal diagnostic value. The LASSO regression method was 
preferred over traditional approaches like the Akaike information criterion as it tends to perform 
better in small datasets like ours and allows for the calculation of penalized regression 
coefficients that minimize error due to over-fitting and improve calibration (3, 4). In each one of 
the 10 imputed datasets 10-fold cross validation was used to select the shrinkage parameter 
(lambda) that would minimize binomial deviance (5). The “one standard error” rule was used 
when selecting the best model. This approach acknowledges the fact that curves are calculated 
with error and errs on the side of parsimony (5). Regression coefficients for selected variables 
were calculated using the selected value of lambda. This method was used to calculate regression 
coefficients in all different datasets resulting from multiple imputation. Subsequently, the 
average value of the regression coefficients of the 10 different datasets for variables that were 
included in at least half of the resulting models was calculated and used in the final model.  
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The strategy listed above resulted in an equation of the form linear predictor LP=b0+Σ(bi*xi), 
where xi is the selected variable and bi is its regression coefficient. Resulting regression 
coefficients were rounded at the third decimal for simplicity.. 

In a search of a more parsimonious model, sensitivity analysis was performed by limiting the 
predictors to RBP4, LVEF, IVSd and mean limb lead QRS voltage and performing LASSO 
regression with 10 fold cross-validation among the 10 different imputation datasets and then 
averaging the resulting coefficients similarly to our original analysis. The only difference was 
that for the sensitivity analysis the lambda value that minimized the capped binomial deviance 
was selected instead of the one standard error lambda as parsimony was no longer a concern. 

Flow of enrolled patients 

Development Set 

Fifty seven patients were enrolled in the prospective portion of the study, of which 5 were 
excluded from further analysis (4 because of insufficient blood sample to perform V122I 
genotyping, and 1 because they did not meet the criterion for inclusion based on IVSd), leaving 
52 patients in the final analysis. Of these 52 patients, 2 were identified as carriers of the V122I 
TTR mutation and both of those were then confirmed to have ATTR V122I by biopsy and 
cardiac MRI. These patients were included in the validation set and excluded from the 
development set. The retrospective cohort included 28 carriers of the V122I mutation from the 
Boston University Amyloidosis Center. Of these patients, 2 were excluded as they did not have 
cardiac amyloidosis (carrier status) and one was excluded because he had confirmed AL 
amyloidosis and there was uncertainty as to the type of cardiac amyloid, leaving 25 patients in 
the analysis. 

Validation Set 

An additional 30 patients were prospectively enrolled, of which 1 was excluded from further 
analysis as they did not have genotype data at the time of study completion. Of the remaining 29 
patients, 3 were positive for the V122I TTR mutation. Of these 3 patients, one had confirmed 
ATTR V122I by biopsy and PYP scan, one had negative PYP scan and was included in the 
validation set as a control and one had not undergone confirmatory testing for amyloid at the 
time of study completion and was therefore excluded from further analyses. Eight additional 
patients with biopsy proven ATTR V122I were enrolled at the Boston University Amyloidosis 
Center. Of those, 2 were excluded as they did not provide consent for research. In total, the 
validation set included 9 cases and 27 controls. 
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eFigure 1. Flow Chart Detailing Selection of the Development and Validation Cohorts. 
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eFigure 2. Calibration Plot for the Full (A) and Parsimonious Model (B) Prediction Rule on the 
Development Data Set 
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eFigure 3. Calibration Plot for the Full (A) and Parsimonious Model (B) Prediction Rule on the 
Validation Data Set 
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eTable. TRIPOD Checklist for Prediction Model Development 

Section/Topic m Checklist Item Page 
Title and abstract 

Title 1 Identify the study as developing and/or validating a multivariable prediction 
model, the target population, and the outcome to be predicted. 1 

Abstract 2 Provide a summary of objectives, study design, setting, participants, sample 
size, predictors, outcome, statistical analysis, results, and conclusions. 1 

Introduction 

Background 
and objectives 

3a 
Explain the medical context (including whether diagnostic or prognostic) and 
rationale for developing or validating the multivariable prediction model, 
including references to existing models. 

2 

3b Specify the objectives, including whether the study describes the 
development or validation of the model or both. 2 

Methods 

Source of data 
4a 

Describe the study design or source of data (e.g., randomized trial, cohort, 
or registry data), separately for the development and validation data sets, if 
applicable. 

3 

4b Specify the key study dates, including start of accrual; end of accrual; and, if 
applicable, end of follow-up.  3 

Participants 
5a Specify key elements of the study setting (e.g., primary care, secondary 

care, general population) including number and location of centres. 3 

5b Describe eligibility criteria for participants.  2 
5c Give details of treatments received, if relevant.  NA 

Outcome 6a Clearly define the outcome that is predicted by the prediction model, 
including how and when assessed.  2, 3 

6b Report any actions to blind assessment of the outcome to be predicted.  3 

Predictors 
7a Clearly define all predictors used in developing or validating the multivariable 

prediction model, including how and when they were measured. 

3 and 
Supplemental 

Methods 

7b Report any actions to blind assessment of predictors for the outcome and 
other predictors.  3 

Sample size 8 Explain how the study size was arrived at. 2, 3 

Missing data 9 Describe how missing data were handled (e.g., complete-case analysis, 
single imputation, multiple imputation) with details of any imputation method.  3 

Statistical 
analysis 
methods 

10a Describe how predictors were handled in the analyses.  
3 and 

Supplemental 
Methods 

10b Specify type of model, all model-building procedures (including any predictor 
selection), and method for internal validation. 

3 and 
Supplemental 

Methods 

10d Specify all measures used to assess model performance and, if relevant, to 
compare multiple models.  3 

Risk groups 11 Provide details on how risk groups were created, if done.  NA 
Results 

Participants 
13a 

Describe the flow of participants through the study, including the number of 
participants with and without the outcome and, if applicable, a summary of 
the follow-up time. A diagram may be helpful.  

Supplemental 
Methods 

13b 
Describe the characteristics of the participants (basic demographics, clinical 
features, available predictors), including the number of participants with 
missing data for predictors and outcome.  

3-4 

Model 
development  

14a Specify the number of participants and outcome events in each analysis.  
3,4 and 

Supplemental 
Methods 

14b If done, report the unadjusted association between each candidate predictor 
and outcome. 3-4 

Model 
specification 15a 

Present the full prediction model to allow predictions for individuals (i.e., all 
regression coefficients, and model intercept or baseline survival at a given 
time point). 

5 
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15b Explain how to the use the prediction model. 5 
Model 
performance 16 Report performance measures (with CIs) for the prediction model. 5 

Discussion 
Limitations 18 Discuss any limitations of the study (such as nonrepresentative sample, few 

events per predictor, missing data).  8 

Interpretation 19b 
Give an overall interpretation of the results, considering objectives, 
limitations, and results from similar studies, and other relevant evidence.  6, 8 

Implications 20 Discuss the potential clinical use of the model and implications for future 
research.  8 

Other information 
Supplementary 
information 21 Provide information about the availability of supplementary resources, such 

as study protocol, Web calculator, and data sets.  NA 

Funding 22 Give the source of funding and the role of the funders for the present study.  9 
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