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bust Prediction Models
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2 Department of Medicine, David Geffen School of Medicine
3 B. John Garrick Institute for the Risk Sciences, Samueli School of Engineering
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Abstract

Risk prediction models are crucial for assessing the pretest probability of cancer and are applied to stratify patient
management strategies. These models are frequently based on multivariate regression analysis, requiring that all risk
factors be specified, and do not convey the confidence in their predictions. We present a framework for uncertainty
analysis that accounts for variability in input values. Uncertain or missing values are replaced with a range of
plausible values. These ranges are used to compute individualized risk confidence intervals. We demonstrate our
approach using the Gail model to evaluate the impact of uncertainty on management decisions. Up to 13% of cases
(uncertain) had a risk interval that falls within the decision threshold (e.g., 1.67% 5-year absolute risk). A small
number of cases changed from low- to high-risk when missing values were present. Our analysis underscores the need
for better communication of input assumptions that influence the resulting predictions.

Introduction

An increasing number and variety of patient data being routinely captured have led to new insights into factors that
influence the risk of disease such as cancer. Decision tools that aid physicians and patients with assessing these risks
in the context of their personal circumstances are one important factor in selecting the appropriate management
strategy. A growing number of mathematical models has been developed and validated as tools upon which clinicians
can determine whether a patient is considered to have a “high-risk” for cancer and would be suitable candidates for
interventions. In breast cancer, models are used to estimate an absolute risk of cancer in women, which influence
decisions related to prescribing a risk-reducing pharmacologic intervention (e.g., selective estrogen receptor
modulators) or more aggressive screening strategies (e.g., surveillance using breast magnetic resonance imaging).
Tamoxifen is one example of a medication investigated for its effectiveness in the prevention of invasive breast cancer
for high-risk women. The Breast Cancer Prevention Trial showed that women with a 5-year absolute risk of 1.67%
and greater can reduce their risk of invasive cancer by 49% when undergoing chemoprevention compared to taking a
placebo [1]. However, use of tamoxifen is not completely without risks and is associated with adverse events such as
uterine cancer and blood clotting in the legs or lungs [2]. The purpose of these risk models is to provide physicians
and patients with a reasoning tool to weigh the trade-offs between the effects of the intervention with the absolute
risks of various health outcomes [3].

While risk prediction models aid in considering potential benefits and costs, these models also have notable
limitations. First, models such as the Gail model [4] provide an average risk for a group of women with similar risk
factors, not an individual probability of cancer. As such, the interpretation of the predicted risk is unclear for a given
individual. Second, uncertainty is an inherent part of risk assessment, given that not all factors related to cancer risk
are known or can be measured to the desired precision. Studies have also shown that patient-reported information such
as social history and patient outcomes are unreliable [5]—[7]. For clinicians who utilize cancer risk models to make
decisions about potential interventions, an understanding about the sensitivity and reliability of self-reported risk
factors such as the age of first live birth and family history should be known in the situation that such information is
unreliable or missing. For example, heredity information is often complex to elicit from a patient, particularly if she
is not completely aware of her siblings’ and ancestors’ health statuses. Additionally, any risk factor reporting age is
often rounded up to the nearest year rather than the true age in months or days. Finally, information that is required to
execute the risk model may not be available for a variety of reasons. Missing data are unavoidable in the fast pace,
real-world clinical environment. Many models such as the Gail model are a form of a logistic regression model that
requires all risk factors to be inputted in order to compute the coefficients for the model or generate an estimated risk.
If the patient cannot be subsequently reached to obtain the missing information, data-driven methods such as
imputation must be performed to utilize these models. However, the effect of imputation on the validity of risk models
has not been thoroughly explored in the medical literature [8], [9]. For instance, datasets often suffer from population
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bias such as when the majority of patients are white. In the case of missing data, imputing instances of minority values
from unbalanced datasets introduces bias as well as uncertainty in imputed values.

In this work, we present a systematic approach to assess the effect of uncertainty and missing values on risk
predictions. Comprehensive assessment of uncertainties in estimated risk metrics requires consideration of
uncertainties about the input or parameters of the risk model (parameter uncertainty) as well as uncertainties associated
with the form and assumptions of the model (model uncertainty) [10]. The scope of the present work is the treatment
of parameter uncertainty. We utilize breast cancer screening as a driving example. Leveraging a large retrospective
dataset of women undergoing routine screening, our approach discovers subgroups of similar women from which
meaningful value ranges for a given risk factor can be determined. A clustering technique with multiple imputation is
used to identify similar patients. Bootstrapping is then used to sample values of similar cases. These values are inputted
into the Gail risk model to generate a confidence interval (C.I.) around the absolute risk prediction. We subsequently
evaluate the sensitivity of the model to varying inputs. By expressing cancer risk using a C.I., we formalize how
uncertainty is expressed, providing additional context to aid physicians in interpreting risk predictions and making
management decisions. We analyze the frequency by which uncertainty associated with risk estimates would have
potentially changed whether the patient would have been categorized as “high-risk” (e.g., cross the 1.67% risk
threshold).

Background
Predicting Absolute Risk of Breast Cancer: The Gail Model

Cancer screening is a large population-based intervention that is at the center of great debate, especially in older
patients or for certain cancers such as breast and prostate [4], [11]. Breast cancer screening is particularly contentious.
A number of models are in use today to stratify patients into different risk groups [12]. The Gail model is among the
earliest and most widely used to estimate absolute risk. The model incorporates age, age at menarche, age at first birth,
the number of first-degree relatives with breast cancer, the number of previous breast biopsies, and race in its assess-
ment. The Gail model has been validated in specific cohorts of white American women with specific risk factors but
has since been adjusted for individuals of different race and ethnicity. The model calculates the absolute risk of breast
cancer by breaking the risk estimation into 3 sub-problems: 1) the estimation of the relative risk using a logistic re-
gression; 2) the estimation of the baseline age-specific breast cancer hazard rate; and 3) the estimation of a long-term
probability of developing breast cancer from competing risks, relative risk and the baseline hazard [3]. The Gail model
was used to compute risk values for our test population. The probability that a woman at age a with a relative risk
r(t) will develop cancer by age a + t can be computed following Equation 1,

— hijrj  Si(zj=1) Sa(zj-1) _ —Aj(hqjri+hy;)

Patn) = i 5@ s (1= expmtiCarta) (1)
where j is a defined age interval, h, is the risk of death due to other causes (competing hazards), S, is the probability
of surviving the competing hazards, S, is the probability of surviving the death due to breast cancer, ¢; is the time at
the j-th age interval, a is the baseline age, and t is the time in years between baseline age and predicted age (typically
set to 5 years). More information on the implementation of the Gail model can be found in [13]-[16].

Handling Uncertainty in the Data

Simulation-based methods such as Markov Chain Monte Carlo and bootstrapping have certain advantages compared
to point estimate imputation methods when dealing with missing or uncertain cases. Even though computationally
they are less efficient, they provide a confidence measure in their estimation making them more useful than a point
estimate. They simulate possible uncertain values to generate a C.I. that represents the degree of uncertainty. Similarly,
this approach can be applied when imputing missing values. Multiple imputation involves the simulation of a user-
defined number of complete subsets m which are used to impute missing values. For each missing value, m possible
imputed values are generated, reflecting the uncertainty about the true value of the variable. These m imputed values
can be used to compute C.Ls [17], [18]. Another class of methods, model-based imputation, refers to estimating the
joint distribution among risk factors from which imputed values are generated. To learn such a model, a training set
is required to define the joint distribution. Imputation is then performed on a test set with missing values. Finally,
clustering-based imputation approaches, identify similar cases from which an imputed value for the missing variable
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Figure 1: Distributions of each variable for the entire cohort. Race is represented as binary indicator variables.
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value is assigned [19]. These approaches are typically implemented using a combination of k-means and k-nearest
neighbors (kNN) algorithm [20]. The kNN algorithm is frequently used to cluster cases using variables that do not
have missing data from which a set of values from similar cases can be obtained to inform the imputation process.

A significant limitation of these existing methods is the need to utilize complete information for training, which limits
the number of cases that can be used. To account for uncertain and imputed values in our breast cancer dataset with
the Gail risk model, we propose a multiple clustering imputation methodology that solves the limitations of traditional
model-based imputation methods while providing a more informed breast cancer risk representation with C.Ls. Our
proposed methodology imputes missing values from cases with complete information using multiple clusters of similar
cases. Unlike methods that require complete data, our approach maximizes the use of available data, even ones with
missing values. We use bootstrapping to calculate m unique clusters for each case with missing data. Using these m
clusters, we generate a range of possible values for missing values, which is used to provide a C.I. of the imputed
value. Subsequently, this range of imputed values can be used with risk models to generate a C.1. of risk values.
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Variable Name Variable Type # Missing (%)
Current age Continuous 0(0)
Age of menarche Continuous 19,572 (21.8)
Age at first child birth Continuous 1,630 (1.8)
# of 1% degree relatives with breast Ordinal 11,459 (12.7)
cancer
Number of biopsies Ordinal 1 (<0.1)
White Indicator variable 0(0)
Black Indicator variable 0(0)
Asian Indicator variable 0(0)
Hispanic Indicator variable 7,127 (7.9)

Table 1: Description of the variables considered by the Gail breast risk model including variable type and percent-
age of values that are inherently missing in the dataset. The implemented risk model did not adjust for Native
Americans; those individuals were excluded from our analysis.

Methods
Dataset

Data on women who underwent breast screening at UCLA was obtained through an institutional review board (IRB)-
approved protocol. The dataset consists of 47,980 cases collected during a five-year period. At the time of their breast
screening exam, women were asked to complete a questionnaire that collected basic demographics and risk factors
related to the Gail model. The purpose of the survey was to obtain all the information necessary to provide a risk
estimate using the model and to provide radiologists contextual information about the patient’s history. Surveys were
typically completed by the patient, largely without assistance from a physician. Figure 1 depicts the distribution of
each variable in the entire cohort. Table 1 summarizes these variables as well as the number of inherent missing
values. The 5-year absolute risk for each case was calculated using the Gail model. The implementation of the Gail
risk model that we used as part of this analysis did not adjust for Native Americans. Individuals who self-reported as
part of this race category were excluded from our analysis. Individuals with multiple races were not excluded from
our analysis.

Overall Approach

Our approach to investigating the influence of uncertainty is illustrated in Figure 2. We posit that using C.I.s defined
by similar cases for certain input variables can change the interpretation of the absolute risk that is generated by the
Gail model. The dataset was randomly split into training (60%) and testing (40%) sets, consisting of 28,788 and 19,192
cases, respectively. Categorical variables such as race were transformed into binary indicator variables, resulting in
four variables representing each race and ethnicity categories. Within the testing set, we only considered cases that
had complete information, resulting in a total of 1,850 cases. We focused our analysis on this subset of the test set.
Missing values were simulated for each case using an unbiased random number generator. The number generation
process consists of two random number generators, each producing a value from 0 to 8 (matching the number of input
variables). Each random number generator was used to populate a list of 8 elements, corresponding to the number of
variables. For elements in each list with the same random integer, the value for the corresponding variable was set as
missing.

Training (60%)

(n=28,788)

Identify similar cases for

Calculate predicted risk
Generate distribution of 5-year
absolute risk of breast cancer

Dataset
(n=47,980)
Test (40%) Remove
(n=19,192)

(n=1,850) missing values

E imputation, tune
1 parameters
Randomly Generate plausible
in lete cases > introduce | rangesaround uncertain

v

and missing values

Multiple cluster imputation

Compare management decision

Figure 2: Overall approach. Process by which data collected on women undergoing breast screening were split
into a training and test set. The training set was used to perform multiple cluster imputation to generate ranges for
uncertain or missing values introduced in the test set. These ranges were used to calculate a range absolute risk scores
and interpreted using the current approach of identifying women with a 5-year absolute risk of 1.67% or above as
candidates for chemoprevention.
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B W A H Age AM AFLB  Biopsies FDR_BC
Original data point 0 1 0 0 48 14 39 0 1
Missing Values 0 1 0 0 48 NaN 39 NaN 1
Imputed data point 0 1 0 0 48 (11.7-14.3) 39 0 1

Table 2: Data imputation. An example of an imputed case with the range of possible input values considered for
the continuous variables and a point estimate for categorical variables. B: Black, W: White, A: Asian, H: Hispanic,
AM: Age at menarche, AFLB: Age at first live birth, Biopsies: Number of biopsies, and FDR_BC: 1% degree rela-
tives with breast cancer. NaN: corresponds to a missing value.

The training set served as a knowledge base of retrospective cases that informs how missing values of the test cases
could be imputed. Continuous variables such as current age and age at menarche were varied by +1 years. The
variability introduced into age variables was constrained for two reasons: 1) we hypothesized that the likelihood of a
patient getting her age incorrect was small and that the error was more likely due to rounding to the nearest year; and
2) imputation of age would be extremely difficult from the other variables collected. Subsequently, the multiple
clustering imputation (MCI) method was used to identify plausible values for categorical variables and generate a
range of possible imputed values for the continuous variables. Given the range of imputed values generated using the
MCI method, the risk estimate for each case was calculated using the Gail model, yielding a distribution of 5-year
absolute cancer risk predictions as well as a 95% C.I. around the median.

Multiple Cluster Imputation (MCI)

Figure 3 illustrates the basic process for generating values using the MCI approach. The algorithm proceeded as
follows: for each test case being considered, variables with missing values are identified (Figure 3-A). From within
the training set, we identify cases that had observed values for the variables that are not missing in the test case. A
strength of our approach is maximizing the number of prior cases that are used in this process because our algorithm
is able to make use of training cases that have missing information. As such, we will make use of cases that have
varying levels of completeness for the variables outside of the ones being imputed. An iterative selection process is
performed to generate clusters of cases based on how complete the cases are (Figure 3-B). We define a parameter
called tolerance value to constrain the level of missing information that may exist in a cluster and used for imputation.
For example, if the tolerance value is set to 80%, the algorithm would only select cases that have at least 80% of their
variables with an observed value outside of the variables that are being imputed. In our case with nine variables, a

@ Test case

lo|1[2]3]4]s

[J Known value [] Missing value

Tolerance = 67%

Training set
O(1121314]|5 }Clusterl—
01112|3(4]5 O
C
-/
0]11]2]3]4]|5 L Cluster 2 > Ball tree algorithm
(Select neighboring cases as examples)
01112|3(4]5
01112|3(4]5
o11121314165 A Categorical .Continuous
(Select most (Fit range to normal
distribution, then
01112131415 - Cluster 3 — frequent value) sample values)
0]1]2]3|4|5]) (©)imputedcase 3
— T 0(1(2|3]4]5

Variables to impute

Figure 3: Multiple imputation clustering. Given a test case with two missing values (A), we examine the training
set for cases that have values for variables 3 & 4 (B). Within that subset, cases are grouped into clusters based on the
percentage of observed variables; all clusters will have observed variables above a predefined tolerance value. A ball
tree algorithm (C) is used to select the training cases that are most similar to the test case; the range of values defines
the permissible values from which the final imputed values are selected (D).
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Figure 4: Example distribution of a single case. Distribution of risk predictions for a single patient based on 100
different simulated input. The original risk estimate for the individual is 1.60. The median value is 1.68, with 1.53-
1.84 confidence interval.

tolerance of 80% permits only one additional variable to be missing. The entire training dataset is then examined for
all possible combinations of variables where only one additional variable is missing. This process is repeated with
increasing tolerance values until the value reaches 100%. This bootstrapping process generates multiple clusters of
varying levels of completeness, with replacement, from which similar cases can be selected.

A ball tree algorithm [21] is used to select the most similar cases from each cluster compared to the test case (Figure
3-C). The ball tree is a binary tree where every node consists of a hypersphere that contains a subset of cases to be
searched. The ball tree algorithm used is obtained from scikit-learn [22], and our analysis is implemented in Python.
The radius of the hypersphere is user-defined and specified as an input parameter to the algorithm. All cases inside a
hypersphere are considered as similar cases. As a space partitioning algorithm, the ball tree efficiently projects
points/cases in a multi-dimensional space. The ball tree data structure is a hierarchical binary tree in which each node
in the binary tree is split into two clusters with data points added in each cluster based on distance from the centroid
of each cluster. In this work, the radius of the hypersphere is adaptive and proportional to the tolerance value: smaller
tolerance values are associated with smaller hyperspheres. Once a set of cases have been identified from each cluster,
then all the cases are combined into one group. These similar cases are used to impute missing values (Figure 3-D).
Two types of variables are considered: continuous and ordinal/categorical. Continuous variables are imputed based
on the range of values from similar cases in the training set. The minimum and maximum values in these cases define
the range of permissible values; we then fit a normal distribution, taking the 50% C.I. of this distribution from the
median. Conversely, ordinal and categorical variables are imputed based on the most frequent value for a given
variable. Table 2 provides an example of how imputation was performed on a case with two missing values. Imputed
values and the range of imputed values are estimated for categorical and continuous variables missing values,
respectively. Figure 4 depicts an example of a breast cancer risk with continuous variables variability and a risk
confidence interval.

Complete No missing values Missing values Missing values
with variability with no variability  with variability
High-risk (HR) 579 462 531 427
Low-risk (LR) 1271 1167 1287 1205
Uncertain (U) = 221 32 218
HR — HR - 462 531 427
LR —> LR - 1167 1253 1174
HR — LR - 0 34 31
LR — HR - 0 0 0
HR - U - 117 14 121
LR—U - 104 18 97

Table 3: Summary of interpretation changes by introducing the C.I. associated with the risk prediction. The
uncertain category highlights the cases where the original risk estimate was either above or below 1.67%, but when
a range of possible input values is considered, the decision threshold falls within the C.I. of the risk estimate.
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Evaluation

Using the generated predictions of risk, we performed two types of analyses. In the first type of analysis, we explored
the impact of intentionally varying continuous variables such as current age and age at menarche when complete
information was available (i.e., no imputed values) to determine the effect of rounding on predicted risk. Within the
testing set, variability in known values of current age and age at menarche (collectively referred to as the continuous
age variables) was introduced by calculating the risk based on 0.1 increments between -1 and 1 years from the inputted
value, resulting in 20 risk estimates. In the second type of analysis, we examined the effect of imputing missing values
using the MCI approach and the effect of intentionally varying continuous age variables. We fitted the continuous
variables of all the similar cases on a normal distribution around the median and defined the range as the 50% C.I.
around the median. This range was also split into 10 linear steps. Overall, we present four analyses: the original
complete dataset without introducing variability on the continuous age variables (“complete”), the original complete
dataset with variability introduced on the continuous age variables (“No missing values with variability”), the imputed
dataset without variability introduced on the continuous age variables (“Missing values with no variability”), and the
imputed dataset with variability introduced on the continuous age variables, if ranges were not already imputed due
to the value being missing (“Missing values with variability”’). We evaluated how often the risk model resulted in a
predicted absolute cancer risk that would change the management of a patient (e.g., the risk range predicted for each
test case crossed the 1.67% threshold). We also evaluated which combinations of feature values would change the
categorization of a given patient (e.g. if the patient moves from low-risk to high-risk).

Results

Implication of Risk Predictions under Uncertainty

The MCI method was used to impute the test set of 1,850 cases. Table 3 summarizes changes in management
interpretation when C.L.s surrounding a risk prediction is provided. In the “complete” column, there are 579 and 1,271
high and low-risk predictions, respectively. When variability was introduced in the continuous age variables, as
summarized in the “no missing values with variability” column, the risk category of 221 cases changed from high- or
low-risk to “uncertain” given that the CI overlaps with the decision threshold of 1.67%. Out of those 221 cases, 117
were originally high-risk, and 104 were low-risk individuals. No cases changed status form high to low-risk or vice
versa. When we randomly introduced missing values into the test data, represented by the “missing values with no
variability” column, the total number of uncertain individuals were 32 of which 14 were originally high-risk, and 18
were low-risk. 34 cases changed category from high-risk to low-risk. No cases changed from low-risk to high-risk. In
the “missing values with variability” column, a higher number of high-risk cases changed to uncertain cases compared
with other columns. Of the 218 uncertain cases, 121 were previously high-risk, and 97 were low-risk. Additionally,
31 cases that were originally high-risk changed to low-risk. No low-risk cases changed to high-risk.

Analysis of Risk Predictions under Uncertainty

In the “no missing values with variability”” analysis, when age and age at menarche were used independently (varied
one at a time), the number of uncertain cases was 96 and 124 for current age and age at menarche, respectively. Age
at menarche had a stronger impact on predicted risk than current age. Table 4 summarizes the average value for each
variable, stratified by risk group (HR, LR, U). In addition, several trends that reinforce prior findings were noted: 1)
older women were associated with a higher risk of breast cancer; 2) women who started menarche at an older age were
associated with a lower cancer risk; 3) the number of biopsies was proportionate with risk; and 4) women with more
1*-degree relatives with a history of breast cancer had higher risk themselves. Uncertain cases had average values for
variables in-between average values found in high and low-risk groups. Moreover, when missing values were intro-
duced in the analysis, the number of uncertain cases increased when variability was introduced in the continuous age
variables. We estimated the percentage of missing values per variable in the high to low-risk, low to high-risk, and
high or low to uncertain risk groups. The variables with the highest percentage of missing values in the group that
changed from high- to low-risk were and the number of 1¥-degree relatives with breast cancer, the age at first live
birth, and the number of prior biopsies, in descending order. The main variables with the highest percentage of missing
values in the groups that changed from high- or low-risk to uncertain were the age at menarche and the number of
prior biopsies.
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B W A H | Age AM AFLB Biopsies FDR BC
@ HR 0.07 0.78 0.09 0.08 | 60.35 12.63 27.36 0.50 0.56
=
g LR 0.07 0.65 0.17 0.17 | 46.07 1291 21.97 0.07 0.09

HR 0.06 0.78 0.10 0.09 | 60.89 12.61 27.51 0.56 0.65
LR 0.08 0.65 0.17 0.17 | 4524 1291 21.57 0.06 0.08

-‘E U 0.07 0.75 0.11 0.10 | 56.85 12.80 26.61 0.22 0.24

2£ HR—-HR 005 084 006 006 |6093 1265 2701 0.54 0.64

-; 2 LR—LR 008 064 017 018 | 4468 1288 2161 0.05 0.08

@3  HR—LR 000 073 022 005|625 1376 20.51 0.24 0.11

Z LR—HR 011 006 053 039 |5728 1231 3244 0.19 0.42

B HR—U 004 085 009 006 |59.04 1279 2460  0.22 0.22

z LR—-U 014 058 0.16 0.19 | 53.07 12.81 30.07 0.21 0.26

HR 0.06 0.82 0.10 0.10 | 60.06 12.79 2543 0.55 0.58

2 LR 0.06 0.67 0.16 0.18 | 4546 1296 19.91 0.07 0.07

.‘E _ U 0.03 0.88 0.06 0.06 | 57.91 13.00 24.69 0.09 0.25

g= HR—HR 005 087 005 0076038 128 2522 0.55 0.57

=5 LR—>LR 0.06 0.66 0.16 0.18 | 4460 12.96 19.92 0.06 0.07

En & HR—-LR 002 077 019 0055818 13.05 19.74 0.31 0.07

'z LR—-HR 0.13 031 057 043 | 5525 1260 27.78 0.19 0.50

= HR—U 0.00 095 0.10 0.00 | 58.76 13.00 27.38 0.05 0.29

LR—>U 009 073 0.00 0.18 | 56.27 13.00 19.55 0.18 0.18
HR 0.05 0.79 0.09 0.09 | 61.36 12.64 24.88 0.54 0.60

= LR 0.07 0.68 0.15 0.16 | 4549 1294 19.20 0.05 0.07

E & U 0.08 0.75 0.10 0.10 | 58.05 12.75 2437 0.22 0.19

2= HR—HR 005 085 005 0.07 | 61.42 12.68 2434 0.51 0.60

E ] LR—LR 0.07 067 0.15 0.17 | 4469 1292 19.26 0.04 0.08

F&8 HR-LR 003 076 018 008 |5871 1322 1817 0.18 0.06

2z LR—HR 0.10 0.13 055 029 | 57.84 1236 31.02 0.19 0.36

= HR—U 0.03 086 0.07 0.06 | 60.03 12.80 22.15 0.21 0.19

LR—-U 017 054 017 017 | 5436 12.67 28.49 0.23 0.18

Table 4: Summary of high-risk (HR), low-risk (LR), and uncertain (U) cases average feature values. Left: Bi-
nary variables’ mean frequency in each risk group. Right: Continuous/ordinal variables’ mean value in each risk
group. B: Black, W: White, A: Asian, H: Hispanic, AM: Age at menarche, AFLB: Age at first live birth, Biopsies:
Number of biopsies, and FDR_BC: 1% degree relatives with breast cancer.

Availability
We have made our analysis available in the form of Jupyter notebooks!.
Discussion

In this study, we examine the effect of uncertainty on the input values of the Gail model when estimating risk. In
addition, we evaluate an approach for imputing a range of missing values for a patient to generate an individualized
breast cancer risk C.I., using previously observed cases. While many of the variables collected as part of the Gail
model are straightforward to provide, risk models are becoming increasingly complex, and the impact of uncertainty
or invalid data should be explored. For example, breast cancer risk models such as Tyrer-Cuzick [23] and BRCAPRO

! https://github.com/panas89/multipleClusteringlmputation
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[24] ask for a detailed family history of cancer from first-, second-, and even third-degree relatives, which may be
difficult to report precisely. A better understanding of how uncertain or unreliable inputs into these risk models is
needed to better inform subsequent management decisions on whether a patient is considered “high-risk” or not. From
our analysis, we conclude that uncertainty in input and missing values can potentially change the risk category of an
individual when using the Gail model. Interestingly, throughout the four analyses shown in Table 3, low-risk cases
never changed to high-risk, implying that the Gail model is more robust to low-risk uncertainty than it is to high-risk
(high-risk cases being downgraded to low-risk). In Table 4, we demonstrated that a significant number of uncertain
cases was classified primarily due to uncertainty in variables such as current age and age at menarche. Additionally,
the majority of cases classified as uncertain were primarily missing values such as the age of first live birth and number
of biopsies. Cases that were classified as “low-risk” but were actually “high-risk” upon further analysis had missing
values for age at menarche, the number of biopsies, and breast cancer history among 1*-degree relatives.

Our study has several limitations. The imputation approach had difficulty providing reasonable estimates for current
age; therefore, we chose not to introduce missing values to that variable. We believe the information provided by the
other variables was not sufficient to provide meaningful estimates of the age variables. We also assumed that the
distribution of continuous variables was normal. For example, the variable age at first live birth had zero values for
women without a first birth. A normal distribution was not suitable for this variable; hence it was instead modeled as
an ordinal/categorical variable. Future work may consider additional clinical risk factors that could serve as surrogate
measures. In addition, while we employed and examined the effect of varying model parameters such as the range of
the continuous variables’ values and tolerance values, a full search was not performed, hence the performance of the
algorithm may not be optimal. We introduced missing values at random into the dataset, but values were frequently
missing not at random in real-world scenarios. Bias could be introduced into the missing value generation by adding
weights to specific variables that are more frequently missing in practice. We also weighted variables equally when
using the MCI method; future work can examine how these weights can be customized for individual variables.

While variables such as current age should be readily accessible, this analysis underscores the need to ensure that all
of these variables are accurately recorded, given their impact on the final risk estimate. Cases that were unchanged
generally had low percentages of missing values for all variables and any variability introduced on the continuous age
variables had no effect on risk as their values were either very high or low. Our work highlights the utility of conduct-
ing sensitivity analyses as part of validating risk prediction models. Furthermore, we believe that reporting of C.1.s
may be more informative than simply interpreting a point estimate of risk. Several studies have shown the utility and
potential challenges of representing uncertainty associated with risk predictions to decision makers, including clini-
cians and patients [25]-[27]. By conveying the risk as a distribution, clinicians can understand the uncertainty associ-
ated with a risk estimate and better determine whether the patient’s situation is clearly “high-risk’ and should be given
risk-reducing interventions or “uncertain” and should undergo further testing. Narrower C.Ls imply less variability
(more confidence) in risk estimate and vice-versa.
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