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Introduction

The healthcare domain presents unique challenges for data-driven decision making. Electronic health records

(EHRs) are characterized by heterogeneous data types, high dimensionality with hundreds to thousands of

potential features, and significant amounts of missing values. Moreover, healthcare applications demand models

that are not only accurate but also transparent and interpretable to support clinical decision-making and

maintain trust among healthcare providers and patients. Traditional black-box machine learning approaches

often fall short in providing the explanations necessary for clinical adoption. This dissertation aims to

bridge the gap between the predictive power of modern machine learning techniques and the interpretability

requirements of healthcare applications.

Chapter 1 presents a comprehensive investigation of missing value handling in prediction models, with a

particular focus on the Missing Indicator Method (MIM) and a novel extension called Selective MIM (SMIM).

Missing values are ubiquitous in healthcare data, and this chapter provides both theoretical guarantees and

empirical evidence that MIM can effectively leverage the signal in missing patterns while maintaining model

interpretability.

Chapter 2 introduces multiple novel approaches for interpretable survival analysis, a critical task in healthcare

for predicting time-to-event outcomes such as mortality, disease recurrence, or hospital readmission. We

present three glass-box survival models that achieve competitive predictive performance while maintaining

full interpretability. The third model, called DNAMite, is a piece-wise constant neural additive model that is

interpretable, accurate, and calibrated. DNAMite also natively incorporates MIM to handle missing values

but without requiring imputation or additional features.

Chapter 3 describes the dnamite Python package, which implements the DNAMite model for regression,

classification, and survival analysis tasks. This package provides researchers and practitioners with accessible

tools to apply the methodologies developed in this dissertation to real-world healthcare problems.

Throughout this work, we demonstrate that interpretable machine learning models can achieve performance

comparable to black-box counterparts while providing crucial transparency for healthcare applications. The

methodologies presented here not only advance the state-of-the-art in interpretable machine learning but

also offer practical solutions for analyzing healthcare data with missing values and building interpretable

predictive models for time-to-event outcomes.

1



Chapter 1

Handling Missing Values in Prediction

Models

1.1 Introduction

Missing data is an unavoidable consequence of tabular data collection in many domains. Nonetheless, most

statistical studies and machine learning algorithms not only assume complete data, but cannot run on data

sets with missing entries. Two common preprocessing methods are used to address this issue. The first

method is complete case analysis, in which the fully observed data samples are used, while the others are

discarded. However, discarding data reduces statistical power and can bias results, as partially-observed data

samples may still contain important information. Furthermore, sometimes all data samples have missing

values, in which case discarding incomplete samples is catastrophic.

The second method is missing value imputation, in which missing values are replaced by estimates from

the observed data. While missing value imputation is well studied and widely used [107, 66], it comes

with two problems. Firstly, most imputation methods are only (provably) effective when missing values are

missing at random (MAR), which is often violated in real-world data, e.g. medical data [79]. In particular,

many real-world data sets exhibit informative missingness, i.e. when the pattern of missing data encodes

information about the response variable. When data has informative missingness, the MAR assumption is

not typically satisfied, making imputation methods less effective.

Secondly, imputation methods are typically evaluated by their reconstruction error. This method of evaluation

is reasonable when the task of interest itself is imputation, e.g. for recommender systems. However, optimal

imputation in terms of lowest reconstruction error is not necessarily required for optimizing downstream

prediction accuracy. In fact, recent theoretical work has shown that simple imputation schemes can still

result in Bayes optimal predictions if the imputation function is paired with an appropriate prediction

function [49, 60, 10]. Thus, it is possible to obtain optimal predictions without accurate imputations, which

is particularly useful when making accurate imputations is challenging, i.e. for MNAR data.

2



CHAPTER 1. HANDLING MISSING VALUES IN PREDICTION MODELS 3

An alternative strategy, particularly when missing values are informative, is the Missing Indicator Method

(MIM), which directly leverages the signal in the missingness itself rather than optimizing imputation accuracy.

For each partially observed feature, MIM adds a corresponding indicator feature to indicate whether the

feature is missing or not. MIM can be used with any imputation method, but is most commonly used with

mean imputation, which is equivalent to 0-imputation after centering features. MIM is a common method in

practice, e.g. it is implemented in scikit-learn [78], yet MIM remains understudied from an empirical and, in

particular, theoretical perspective.

In this chapter, we show both theoretically and empirically that MIM is an effective strategy for supervised

learning in a wide variety of data regimes. While some previous work has studied MIM related to statistical

inference [53, 33], our work focuses on MIM as part of a supervised learning pipeline, where prediction

accuracy is the primary objective opposed to inference. Additionally, to better handle high-dimensional

data sets where extra uninformative indicator features can lead to overfitting, we introduce Selective MIM

(SMIM), a novel MIM extension to adaptively select which indicators are useful to add to the data set.

1.2 Missing Values in Supervised Learning

In this section we introduce the problem statement and relevant work, and expand on how we build on

existing work.

1.2.1 Notation

We use the following conventions. Upper case letters X are random variables. Bold letters X are vectors,

which by default are always column vectors. Subscripts Xj denote components of X, and superscripts X(i)

denote sample vectors in a data set. We use n for the number of samples/rows, and p for the number of

features/columns. We reserve i as an index on samples and j as an index on features. R will denote indicator

features corresponding to missing values in X. The sets obs(R) = {j : Rj = 0} and miss(R) = {j : Rj = 1}
indicate observed and missing components of a vector. Xj ⊥⊥ Xk means Xj and Xk are independent as

random variables.

1.2.2 Problem Statement

We consider the following supervised learning setup. Let X ∈ Rp be a vector of p features, and Y ∈ Y a

response to be predicted from X, where Y = R for regression tasks and Y = {0, 1, . . . , k − 1} for k-class

classification tasks. The vector X contains a complete set of values, in the sense that a value exists for each

component of X even if that value is not observed. In reality, we observe Z ∈ {R ∪ {∗}}p where Zj = Xj

when Xj is observed and Zj = ‘ ∗ ’ when Xj is unobserved/missing. Z yields the random binary vector

R ∈ {0, 1}p that indicates the missing and observed components of Z. Specifically, Rj = 0 when Xj is

observed and Rj = 1 when Xj is missing.

Given a loss function L : Y × Y → R and a distribution over pairs (Z, Y ) ∼ D, the goal is to find function
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f : {R ∪ {∗}}p → Y that minimizes the expected loss:

f∗ = argmin
f

ED [L(f(Z), Y )] . (1.1)

We will often drop the subscript D from expectations with the default being that the expectation is with

respect to D. The function f can be a pipeline that combines an imputation method with a prediction

method, or can directly predict Y from Z without imputation, e.g. fitting a different model per missing

pattern.

1.2.3 Types of Missing Data

Traditionally, partially observed data is categorized by the missing mechanism, i.e. the distribution of R

conditional on the complete data X. The most typical categorization of missing mechanisms is [68]:

• Missing Completely at Random (MCAR). The missing pattern is random and independent of the

data: P (R |X) = P (R).

• Missing at Random (MAR). The missing pattern is independent of unobserved values Xmiss(R)

conditioned on observed values Xobs(R): P (R |X) = P (R |Xobs(R)).

• Missing Not at Random (MNAR). The missing pattern may depend on unobserved values.

The MCAR and MAR mechanisms are sometimes considered ignorable in the sense that these mechanisms

may be ignored for likelihood-based inference [89]. Many imputation methods work well on MCAR or MAR

data [108, 99, 41, 126], while MNAR data is more challenging for imputation methods and requires modeling

the missing mechanism itself [97, 72, 57].

While missing mechanisms define the relationship between R and X, informative missingness is defined by

the relationship between R and Y :

Definition 1.2.1. For (Z, Y ) ∼ D with missing pattern R, the missing pattern is informative if R⊥̸⊥ Y .

Assuming X ⊥̸⊥ Y , this definition implies that MAR and MNAR data always have informative missingness.

MCAR data can also have informative missingness if R ⊥̸⊥ Y despite R ⊥⊥ X, although this is rare in

practice. In previous literature, informative missingness is most often associated with MNAR data, as in this

setting the missingness is most informative [90, 64]. In general, we expect MIM to improve predictions when

missingness is informative. Yet, we can have MAR data and not see any benefit to MIM over imputation

alone if R ⊥⊥ Y |Xobs

1.2.4 Related Work

Missing values have been an important topic of study in statistics for decades. Classical work focused on

statistical inference problems [89, 23, 68], while more recent work has focused more on imputation, ranging

from statistical methods [41, 125] to iterative approaches [108, 99] and deep learning [124, 72, 30].

Even though MIM is commonly used in practice (e.g. it is implemented in sklearn [78]), its properties are

surprisingly understudied in statistical and machine learning literature, particularly from the perspective of
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supervised learning. MIM has been explored more in the medical literature due to the ubiquity of missing

values in medical data sets, and particularly the tendency of these missing values to be informative. A few

medical papers advocate for MIM with mean imputation [94, 96], and some for MIM with other imputation

methods [95, 84]. Other medical papers caution the use of MIM when statistical estimation and inference is

the downstream task, as then using MIM can add bias to parameter estimates [53, 33]. We instead focus on

the problem of optimal supervised learning.

Many previous methodological and empirical works have studied missing value preprocessing for supervised

learning, yet most do not include MIM or a similar method to capture informative missingness. Some

empirical studies have evaluated combinations of imputation and prediction models [26, 120], but these

most often exclude MIM. Recent AutoML methods attempt to optimize the entire supervised learning

pipeline [122, 27, 25], but without considering MIM. Deep learning can be used to jointly optimize imputation

and prediction if both models are neural networks [59, 46], but these methods do not capture informative

missingness without additionally using missing indicators. Decision trees can uniquely handle missing values

without imputation, e.g. using the Missing Incorporated as Attribute method [104, 49], but such methods

are only applicable to tree-based methods.

Lastly, some recent papers have explored impute-then-predict pipelines from a theoretical perspective.

[49, 60, 10] show that accurate imputation is not needed to produce Bayes optimal predictions as long as

a powerful enough predictor is used. While this theory is not immediately applicable in practice, since

constructing these predictors would often be impossible, it does give motivation for developing missing value

preprocessing methods that do not focus on imputation accuracy, such as MIM with mean imputation.

Perhaps the most relevant previous work to this paper is [61], which gives a risk bounds for linear models

with 0-imputation using both MIM and an expanded linear model. We also present theory for MIM with

linear models, but under different assumptions and focusing on asymptotics rather than risk bounds. We also

perform a much more diverse set of empirical experiments compared to [61].

1.3 Missing Indicator Method Theory

In this section, we present a theoretical study of MIM for linear regression. Following the notation from

Section 1.2, let X ∈ Rp be p features, Y ∈ R a continuous response, and Z ∈ {R ∪ {∗}}p the observed

features with potentially missing values. The full optimization problem in Equation 1.1 with squared error

loss L(x, y) = (x− y)2 is solved by the conditional expectation E[Y | Z]. However, as explained in [61, 59],

this conditional expectation is combinatorial in nature, as it involves estimating a different expectation for

each missing pattern R:

f∗ = E[Y | Z] = E[Y |Xobs(R),R] (1.2)

=
∑

r∈{0,1}d

E[Y |Xobs(r),R = r]1R=r. (1.3)

In [61, 59], the conditional expectation in Equation 1.2 is estimated after assuming that X comes from a

Gaussian distribution. In this chapter, we make no distributional assumptions, and instead make the following

assumptions:
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Assumption 1.3.1. Y is centered as Y ← Y − E[Y ], while Z is centered over the observed entries

Zj ← Zj − E[Zj | Rj = 0] and imputed with 0, resulting in the imputed data vector Z̃ defined as

Z̃j =

Xj Rj = 0,

0 Rj = 1.
(1.4)

Assumption 1.3.2. f is constrained to be a linear function, and thus f∗ is the best linear prediction function.

We now examine f∗ with and without MIM. Specifically, we compare the best linear predictors (BLPs):

β∗ = argmin
β

E[(Y − Z̃Tβ)2], (1.5)

β∗
MIM , γ∗

MIM = argmin
(β,γ)

E[(Y − Z̃Tβ −RTγ)2]. (1.6)

In practice, we would estimate these BLPs using a training set {(Z(1),R(1)), . . . (Z(n),R(n))}, obtaining

the standard ordinary least squares (OLS) estimates β̂, β̂MIM , and γ̂MIM . Under mild conditions, most

notably that E[Z̃Z̃T ] and E[(Z̃T ,RT )T (Z̃T ,RT )] are invertible, these OLS estimates will converge to the

corresponding BLPs in Eqs. (1.5) and (1.6); see [34] for further details. This convergence validates the study

of the best linear predictors, as they serve as the limits of the OLS estimates obtained in practice.

Theorem 1.3.1 starts by analyzing the simple case when p = 1, which has particularly nice properties.

Theorem 1.3.1. Grant Assumptions 1.3.1 and 1.3.2. Let p = 1, and letM = {i : R(i) = 1} be the missing

samples, then the OLS estimates are

β̂MIM = β̂, γ̂MIM =
1

|M|
∑
i∈M

Y (i), (1.7)

and thus the BLPs are

β∗
MIM = β∗, γ∗

MIM = E[Y | R = 1]. (1.8)

A direct corollary of Theorem 1.3.1 is that if R is uninformative, then

γ∗
MIM = E[Y | R = 1] = E[Y ] = 0 (1.9)

since Y is centered. On the other hand, if R is informative, then γ∗
MIM = E[Y | R = 1] ̸= 0, allowing the

model to adjust its predictions when X is missing. Specifically, because X is imputed with 0, the best linear

prediction function is

f∗
linear(X) =

Xβ∗ if R = 0,

E[Y | R = 1] if R = 1.
(1.10)

or correspondingly in finite sample

f̂linear(X) =

Xβ̂ if R = 0,

1
|M|

∑
i∈M Y (i) if R = 1.

(1.11)
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We see that when X is observed, the model ignores R as a feature, and when X is missing, the model predicts

the average of Y among the missing values. Note that when p = 1, this result occurs both in finite sample

and asymptotically.

We now consider the more general case of p > 1 features in Theorem 1.3.2.

Theorem 1.3.2. Grant Assumptions 1.3.1 and 1.3.2.

(a) If the missing mechanism is MCAR and R is uninformative, then

β∗ = β∗
MIM , γ∗

MIM = 0. (1.12)

(b) If (i) the missing mechanism is self-masking, i.e. P (R |X) =
∏

j P (Rj | Xj); (ii) Xj ⊥⊥ Xk for j ̸= k;

and (iii) R is centered, then

β∗ = β∗
MIM , (1.13)

(1.14)

and for j = 1, . . . , p

γ∗
MIMj

= E[Y | Xj missing]− E[Y | Xj observed]. (1.15)

(c) If {1, . . . , p} can be partitioned into d blocks B1, . . . , Bd with block-independence: Rj , Xj ⊥⊥ Rk, Xk when

j, k are in different blocks, then for j ∈ Bm

β∗
MIMj

=
∑
ℓ∈Bm

aE[Z̃jY ] +

b(E[Y | Xℓ missing]− E[Y | Xℓ observed])

(1.16)

for a and b are functions of (Z̃,R), and the same for γ∗
MIMj

but for different a and b.

The proofs of Theorems 1.3.1 and 1.3.2 are given in Section 1.9. Theorem 1.3.2 (a) shows that when the

missing mechanism is MCAR and R is uninformative, the best linear predictions are the same regardless of

whether MIM is used or not. Since MIM is not expected to improve model performance when missingness is

not informative, it is promising that MIM does not decrease the accuracy of linear models in this setting, at

least asymptotically. This is important because practitioners are often unaware of the missing mechanism

of the data, which is difficult to test [7]. It is therefore crucial to understand the effects of MIM across

all missing mechanisms. This evidence that MIM does not hurt performance even in a worst-case scenario

justifies its use when predictive performance is prioritized.

Parts (b) and (c) of Theorem 1.3.2 show that when missingness is informative, the best linear prediction

function using MIM learns how the missing values impact the distribution of Y , thereby leveraging the

signal in the missing values. In part (b), under the fully-independent self-masking mechanism, the form

of γ∗
MIM in Equation 1.15 directly accounts for the informative missingness in each feature, i.e. E[Y |

Xj missing]−E[Y | Xj observed]. Part (c) presents a more general case, where independence is only assumed

blockwise. Nonetheless, the formula for the BLP in (c) still contains the same expression as in Equation 1.15
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from (b), which encodes the (potential) informative missingness of each feature.

1.3.1 Related Theory

As discussed in Section 1.2.4, even though MIM is commonly used in practice, very little previous work has

studied MIM theoretically, especially from the lens of supervised learning. The most similar work to ours

is [61], which also presents theoretical results for linear regression with missing values. Much of the theory

in [61] centers around understanding the Bayes predictor f∗ as in Eq.(1.2), assuming a linear generating

function and Gaussian data. Further, Theorem 5.2 in [61] presents an upper bound for the risk of the linear

model with MIM, i.e. the expected loss in Equation 1.6. [61] compares this risk bound to the risk bound for

the “expanded” linear model, which fits a separate linear model for each missing pattern in Equation 1.3.

The theoretical results in [61] are complementary to the results in our work in multiple ways. First, our results

make no assumptions about the distribution of the covariates as well as about the data generating model.

Instead, we make different assumptions about the missing mechanism. Second, [61] focuses on understanding

the form of the Bayes predictor and proving risk bounds, while our results specify the coefficient values for the

best linear predictors. While the risk bounds in [61] are useful for comparing the finite-sample risk of MIM

compared to other models, our results present a more practical understanding of linear model coefficients

with MIM, and how these coefficients can directly encode or ignore missingness depending on the missing

mechanism.

1.4 Selective MIM

Observe that MIM adds a missing indicator for every feature that is partially observed, regardless of the

missing mechanism. Theorem 1.3.2 (a) justifies this behavior asymptotically, since the uninformative indicators

can be ignored as n → ∞. However, in finite sample, and particularly for high-dimensional data, adding

many uninformative indicators can cause overfitting and thus can hurt model performance.

Keeping only the informative indicators from MIM would help stabilize MIM on high-dimensional data. One

strategy to do such selection would be to use a statistical test to discover the missing mechanism, and use this

information to determine which indicators to keep. However, testing for the missing mechanism is challenging.

Previous literature has suggested tests for MCAR, notably Little’s MCAR test [67], but these tests have been

criticized [7]. Testing for MAR or MNAR, on the other hand, is impossible, since it would require access to

the unobserved data. From Definition 1.2.1, however, we can instead test for informative missingness directly

by testing the relationship between R and Y , and determine which indicators are worth including, instead of

adding all.

We propose a novel strategy to selectively add indicators based on a statistical test, which we call Selective

MIM (SMIM). The overall procedure for SMIM is summarized in Algorithm 1.1. Instead of testing the

relationship between Rj and X, as a test for the missing mechanism would, SMIM tests the relationship

between Rj and Y , directly yielding signal from the informative missingness towards the response of each

missing indicator. Since we assume Y is complete, there are no issues testing the relationship between Rj

and Y , as there would be when testing for the missing mechanism. Further, if Xj is correlated with Y , then
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Figure 1.1: Distributions of masking probabilities P (R = 1 | X) generated from X ∼ N (0, 1) using Equation
1.17 for different values of the informativeness parameter λ. Larger values of λ result in ‘steeper’ sigmoid
functions in Equation 1.17, hence more values lie in the masked-with-high-probability regime.

testing the relationship between Rj and Y serves as a proxy for testing the relationship between Xj and Rj ,

which is otherwise impossible if Xj has missing values.

Specifically, for feature j, SMIM tests whether Rj and Y are independent. When Y is continuous, we

use a two-sample t-test comparing the E[Y | R = 1] and E[Y | R = 0]. When Y is discrete, we use a

chi-squared test of independence between Y and Rj . To correct for multiple testing across the features, we

use Benjamini-Hochberg p-value correction [9] with false discovery rate (FDR) of α. Since false negatives

(not adding an indicator that is informative) are more harmful than false positives (adding an indicator that

is not informative), we use a relatively high FDR of α = 0.1 throughout the chapter. See Algorithm 1.1.

Algorithm 1.1 Selective MIM

1: Input: Missing indicators R, response Y , error rate α.
2: Output: Indicator indices to keep I ⊆ {1, . . . , p}.
3: pvals← [ ]
4: for j = 1 to p do
5: if Y is continuous then
6: pval← t-test(Y | Rj = 0, Y | Rj = 1)
7: else if Y is categorical then
8: pval← Chi2-test(Contingency-Table(Y,Rj))
9: end if

10: pvals[j]← pval
11: end for
12: reject = Benjamini–Hochberg(pvals, α)
13: return I = {j : rejectj = true}.

1.5 Experiments

We now empirically evaluate MIM and SMIM through experiments on synthetic data as well as real-world

OpenML data sets with synthetic missing values. We show that MIM boosts performance when missing values

are informative, and does not negatively affect performance on most data sets with uninformative missing

values. Further, we show that SMIM can successfully discover the missing indicators that are informative,
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Figure 1.2: MIM performance on synthetic data with (n, p) = (10000, 10) with different imputation methods,
as a function of the informativeness parameter λ (see Equation 1.17). The top left, top right, and bottom left
plots demonstrate that MIM (dashed lines) reduces test RSME in almost all scenarios when missingness is
informative. The bottom right plot shows the linear regression coefficient norms, where ||γ̂|| increases as
missing value become more informative, as shown in Theorem 1.3.2.

and is more effective than MIM on high-dimensional data sets.

1.5.1 Setup

For all experiments in this section, we start with complete data and mask values, controlling for how much

the missing pattern is informative. To generate the missing masks, we use a self-masking mechanism:

P (Rj = 0 |X) = P (Rj = 0 | Xj)

=
1

1 + exp(−λjXj)
.

(1.17)

We call λj the informativeness parameter as it directly controls how informative the missing values in Xj

are by determining the steepness of the sigmoid masking probability function. The higher the value of λj ,

the more informative the missing values are. If λj = 0 for all j, then the missing values are MCAR and the

missingness is uninformative. The impact of λj on Rj is showcased in more detail in Figure 1.1.

We consider the following preprocessing methods to treat missing values:

• Mean: Mean imputation over the observed entries. This is equivalent to 0-imputation, since we always

standardize features.

• MF: Imputation via missForest [99], an iterative imputer based on random forests [12].

• GC: Imputation via gcimpute [126, 127], an EM-style imputer which uses the Gaussian Copula.
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Figure 1.3: Comparison of MIM, SMIM, Oracle MIM (OMIM), and No MIM on high-dimensional synthetic
data with (n, p) = (10000, 1000), as a function of the percent of features with informative missingness.

• LRGC: Imputation via gcimpute with the low rank Gaussian Copula model [125], useful for high-

dimensional data sets.

• Imputer + MIM: Imputation via the given imputer, along with MIM.

• Imputer + SMIM: Imputation via the given imputer, along with Selective MIM as in Algorithm 1.1.

We occasionally use the term “No MIM” to refer to imputation without MIM or SMIM. We choose these

imputation methods to include either an iterative approach (MF) and an EM-based approach (GC), both

popular classes of imputation methods. For supervised learning models, we use linear/logistic regression,

XGBoost [18], and a multi-layer perceptron (MLP), giving us one model from the 3 most popular classes of

supervised learning models (linear models, boosted decision trees, and neural networks). We standardize

features over the observed entries in all experiments. We use a 75%-25% train-test data split and run each

experiment for 20 trials, each with a different model seed, train-test split, and missing value mask. To isolate

the impact of the missing value handling, we analyze how different missing value preprocessing methods

impact each supervised learning method separately, rather than comparing the supervised learning methods
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Figure 1.4: Test performance (lower is better) of MIM and SMIM with various imputation methods on
OpenML data sets. Missing values are generated according to Equation 1.17, where for each feature λj = 2
with probability pinf = 0.5 and λj = 0 otherwise. Performance metric is RMSE for regression problems,
1-AUC for binary classification problems, 1-accuracy for multi-class problems. Each bar represents the mean
across 20 trials, and a a missing bar indicates a > 3 hour run time.
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to each other. For performance metrics, we use RMSE for regression tasks, 1 - AUC for binary classification

tasks, and 1 - accuracy for multiclass classification tasks (so in all cases lower is better). We release the code

necessary to reproduce our results 1.

1.5.2 MIM on Tree-Based Models

Before discussing our empirical results, we preface our findings with intuition for why XGBoost will likely

behave differently with MIM than linear models and MLPs. Tree-based methods treat all features as discrete,

and so they discretize continuous features using binning [13]. When using a constant imputation method like

mean imputation, all imputed values always fall into the same bin and will always be split together by each

tree. We thus expect MIM to provide little additional information to the tree-based methods in this setting,

since splitting on the indicator feature can be alternatively achieved by splitting twice to isolate the bin with

the constant imputation value. Meanwhile, if a non-constant imputation method is used, then MIM does add

new splits for the tree to search over and thus has high potential to be valuable. On the other hand, linear

and neural network models do not treat continuous features as discrete, and thus are expected to benefit

from missing indicators with all imputation methods.

1.5.3 Synthetic Data

Low Dimensional Data We first consider the effects of MIM on synthetic data as a function of the

informativeness parameter λ. Using n = 10000 and p = 10, we generate X ∼ N (0,Σ) with Σ = ρ11T +(1−ρ)I
using ρ = 0.3 and Y = XTβ + ϵ for β ∼ N (0, I) and ϵ ∼ N (0, σ2) with σ2 chosen to enforce a signal-to-noise

ratio of 10. We mask each feature according to Equation 1.17 with λj = λ for all j = 1, . . . , p. The results

for λ ∈ [0, 5] are shown in Figure 1.2. The top left, top right, and bottom left plots show that MIM

continually reduces RSME as λ increases across all imputation methods, which confirms that MIM is an

effective preprocessor for informative missing values. The lone exception is XGBoost, which benefits from

MIM using GC and MF imputation but not when using mean imputatation. This might be because mean

imputation already allows trees to capture the informative signal in the missing values without MIM, as

explained in Section 1.5.2.

The bottom right plot shows the linear regression coefficient norms ||β̂ − β̂MIM ||2 and ||γ̂||2 as a function of

λ, using the definition of these coefficients from Section 1.3. When λ = 0, both norms are close to 0, which

we expect from Theorem 1.3.2 (a) as it tells us that β̂ ≈ β̂MIM and γ̂ ≈ 0 when missingness is uninformative.

As λ increases, i.e. the missing values become more informative, ||γ̂||2 increases while ||β̂ − β̂MIM ||2 remains

small. This behavior parallels Theorem 1.3.2 (b), which shows that under a self-masking mechanism like

Eq. (1.17), ||β̂ − β̂MIM ||2 should remain small but ||γ̂||2 should increase to capture the informative signal in

each variable, i.e. E[Y | Rj = 1]− E[Y | Rj = 0]. It is noteworthy that this behavior still holds even without

independence among the features in X, suggesting that this behavior might hold, at least approximately, in

more general linear regression settings.

High Dimensional Data We now consider high-dimensional synthetic data with n = 10000 and p = 1000.

To generate realistic high-dimensional data, we generate X ∼ N (0,Σ) where Σ is block diagonal with b blocks

1https://github.com/mvanness354/missing_indicator_method.

https://github.com/mvanness354/missing_indicator_method
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and d features per block, with block elements ρ11T + (1− ρ)I using ρ = 0.5. We compute X∗ ∈ Rb as the

block-wise mean of X (averaging over features in each block), and generate Y as in the low dimensional case:

Y = X∗Tβ + ϵ with ϵ ∼ N (0, σ2). This simulates real-world high-dimensional data where several features

may be correlated with each other (but predominantly independent of other features), and thus are more

likely to be missing together under informative missingness.

To generate the mask, we select only a random subset of blocks to have informative missingness: for each

block, with probability pinf we set λ = 2 for all features in the block as a whole, and with probability 1− pinf

we set λ = 0 for all features in said block. In this setting, SMIM should be able to detect which features

have informative missing values and only add the correponding indicators. Along with MIM and SMIM, we

also run experiments with Oracle MIM (OMIM), in which only features masked with λj = 2 are added, to

represent an unrealistic but optimal preprocessor.

The results for pinf ∈ [0, 1] are shown in Figure 1.3. We use LRGC instead of GC since the data is high-

dimensional, and we do not report MF because computations do not terminate in less than 3 hours. Using

linear models, SMIM achieves comparable RMSE to OMIM and significantly better RMSE than No MIM

across all values of pinf. Further, SMIM outperforms MIM for smaller values of pinf, when MIM adds many

uninformative indicators. For MLP models, MIM and SMIM achieve comparable error to OMIM across all

pinf, demonstrating that MLPs can more readily ignore uninformative feature than linear models. Lastly,

XGBoost with mean imputation is comparable for preprocessors, but suffers from No MIM with LRGC,

further supporting the discussion on tree-based models in Section 1.5.2.

1.5.4 Masked Real-World Data

We now run experiments on fully-observed real-world data sets obtained from the OpenML data set repository

[115]. We mask entries according to Equation 1.17, using λj = 2 with probability 0.5 and λj = 0 with

probability 0.5 for all features j. We select 12 data sets that cover a diverse spectrum of values for n (number

of samples), p (number of features), and outcome type (binary, multiclass, regression); see Section 1.10.1 for

further OpenML data set descriptions. Lastly, we use LRGC for high-dimensional data sets (arcene, christine,

philippine, volkert, dilbert, yolanda) and use GC for all other data sets.

Figure 1.4 shows the performance of each missing value preprocessing method paired with the 3 supervised

learning models. For Linear and MLP models, MIM and SMIM improve performance across imputation

methods for almost all data sets. This affirms the importance of MIM when missing values are informative.

XGBoost generally does as well with mean imputation as with other imputation methods, and is less

impacted by MIM, supporting the discussion from Section 1.5.2. On high-dimensional data sets, SMIM

outperforms MIM in most cases. This further demonstrates the value of discarding uninformative features in

high-dimensional data, which SMIM can do effectively.

To better understand the time efficiency of the methods employed, we plot the relative wallclock times of

each result from Figure 1.4 in Figure 1.5. It is clear from Figure 1.5 that the choice of imputation method

dominates the computation time, instead of whether or not MIM or SMIM is used. Specifically, mean

imputation is orders of magnitude faster than GC and MF imputation. Also, MIM and SMIM appear to add

relatively very little time to the total computation time, even though MIM doubles the number of features,
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Figure 1.6: MIM and SMIM performance (lower is better) for clinical tasks on the MIMIC-III data set. Each
bar represents the mean across 20 trials, each with a different random seed. A missing bar indicates a > 3
hour run time. MIM and SMIM improve performance for logistic regression and MLP models on all 3 tasks,
following the behavior exhibited in Figure 1.4.

suggesting that the method of imputation is much more important than the inclusion of MIM. Further, notice

that in Figure 1.4, (S)MIM with mean imputation often performs very comparably to (S)MIM with GC and

MF. Therefore, (S)MIM with mean imputation is an effective yet remarkably efficient alternative to using

expensive imputation models.

1.6 MIM on the MIMIC Benchmark

In Section 1.5, we demonstrate that MIM and SMIM are effective tools for capturing informative missingness

in synthetic and real-world data sets with synthetic missing values. In this section, we demonstrate the

effectiveness of MIM and SMIM on healthcare data which already has missing values. Specifically, we

use MIMIC-III [48], an open source clinical database of electronic health records (EHRs) from the Beth

Israel Deaconess Medical Center in Boston, Massachusetts. To preprocess the MIMIC data, we utilize the

mimic3-benchmark [35], which generates tabular data for various clinical tasks. We consider the following

tasks for our experiments:
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• In Hospital Mortality Prediction: binary mortality prediction using the first 48 hours of an ICU stay.

• Length-of-Stay Prediction (LOS): prediction of the remaining length-of-stay in the hospital. We

formulate this as a binary prediction task to predict whether or not a patient will leave the hospital in the

next 7 days.

• Phenotyping: prediction of the acute care conditions present during a given hospital stay, formulated as

a multi-label binary classification problem for 25 phenotypes.

For each task, the target metric is 1 - AUC, following Section 1.5 and using a metric such that lower is better

(for consistency across response types). For phenotyping, we average the AUC for each of the 25 labels to

create the macro AUC score, then set the metric as 1 - macro AUC. The train and test splits are established

by the benchmark and kept constant across all trials. The data set for each task contains 17 clinical variables

that describe patient vital signs and other typical hospital measurements. For additional details about our

these variables and well as our experimental setup for MIMIC experiments, see Section 1.10.2.

Figure 1.6 shows the results of MIM and SMIM with the prediction pipelines used in Section 1.5. As

on synthetic data and OpenML data, MIM and SMIM both consistently improve predictive performance

with linear and MLP models, as well as with XGBoost when using GC or MF for imputations. This

result is particularly significant because it demonstrates that real-world data sets often have informative

missing values, and MIM can help predictive models learn the signal in these missing values. Additionally,

there are no scenarios MIM negatively impacts predictive performance, confirming that MIM should be a

standard preprocessing tool for supervised learning on low-dimensional real-world data sets, should predictive

performance be prioritized.

1.7 Discussion

From our experiments on synthetic data, real-world data with synthetic missing values, and real-world EHR

data, we obtain the following main takeaways:

• When missing values are informative, MIM increases predictive performance of linear models and neural

networks. This is supported by Figure 1.2, where increasing the informativeness in synthetic data gradually

increases the effectiveness of MIM; in OpenML data with informative missing values in Figure 1.4; and in

EHR data in Figure 1.6.

• Tree-based models in general benefit less from MIM than linear models and neural networks, particularly

when using mean imputation. We provide a possible explanation for this behavior in Section 1.5.2, and see

this behavior manifest across all of our experiments.

• The only scenario where MIM might harm predictive performance is on high-dimensional data sets, e.g.

the synthetic data in Figure 1.3 and on select high-dimensional OpenML data sets in Figure 1.4. In these

cases, Selective MIM (SMIM) is a stable extension of MIM that adds all the indicator features that have

informative missing values.

• MIM and SMIM can increase performance not only with mean imputation, but also with other imputation

methods, as shown in our experiments. Nonetheless, Figure 1.5 shows that MIM with mean imputation is
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many orders of magnitude faster than using other imputation methods, yet usually results in about the

same predictive performance. Therefore, MIM with mean imputation is a very effective and yet efficient

way to treat missing values, especially under informative missingness when expensive imputation methods

often bring little benefit.

1.8 Conclusion

When dealing with missing data, imputation with state-of-the-art imputers is often expensive. We show that

using MIM in conjunction with mean imputation is an effective and efficient alternative, which we demonstrate

via novel theory and comprehensive experimentation on synthetic data as well as real data with both synthetic

and actual missing values. We additionally introduce Selective MIM (SMIM), a MIM-based preprocessor that

discards uninformative missing indicators and is thus more stable than MIM on high-dimensional data sets.

We show experimentally that adding MIM or SMIM helps achieve substantially better accuracy on data with

informative missingness overall, and SMIM outperforms MIM on high-dimensional data. Future work might

include researching theoretical guarantees on the use of imputation methods along with missing indicators,

building on our theory.

1.9 Proofs

1.9.1 Proof of Theorem 1.3.1

Let D = [Z̃, R]T , then

DDT =

[
Z̃

R

] [
Z̃ R

]
=

[
Z̃2 0

0 R

]
. (1.18)

as R2 = R and Z̃R = 0 by zero imputation (Assumption 1.3.1). Thus the finite sample OLS estimates β̂ and

γ̂ are [
β̂MIM

γ̂MIM

]
= En

[
DDT

]−1 En [DY ] (1.19)

=

En

[
Z̃2

]−1

En[Z̃Y ]

En [R]
−1 En[RY ]

 (1.20)

=

[
β̂

En[Y | R = 1]

]
(1.21)

The result for γ in (1.21) holds because

En [R]
−1 En[RY ] =

(
|M|
n

)−1
1

n

∑
i∈M

Y (i) (1.22)

=
1

|M|
∑
i∈M

Y (i) (1.23)

= En[Y | R = 1] (1.24)
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1.9.2 Proof of Theorem 1.3.2

Part (a) Let D = [Z̃T ,RT ]T and pj = P (R = 1). We would like to show that E
[
DDT

]
is a 2× 2 block

diagonal matrix. When j ̸= k, E[Z̃jRk] = 0 since Xj and Rk are independent under MCAR. If j = k, we

cannot assume that Z̃j and Rj are independent since they are directly dependent by construction. Nonetheless,

by the law of total expectations we have

E[Z̃jRj ] = E[Z̃jRj | Rj = 1]pj + E[Z̃jRj | Rj = 0](1− pj) (1.25)

= E[Z̃j | Rj = 1]pj (1.26)

= 0 (1.27)

since Z̃ is imputed with 0. We have now shown that E[Z̃jRk] = 0 for all j, k, showing as desired that

E
[
DDT

]
is block diagonal. Further, since R is uninformative, we have for all j

E[RjY ] = E[Rj ]E[Y ] = 0 (1.28)

using the centering of Y . Thus we have[
β∗
MIM

γ∗
MIM

]
=

(
E[DDT ]

)−1 E[DY ] (1.29)

=

[
E[Z̃Z̃T ]−1 0

0 E[RRT ]−1

][
E[Z̃Y ]

0

]
(1.30)

=

[
β∗

0

]
, (1.31)

Part (b) For Part b we assume that R is centered, so

Rj =

1− pj w.p. pj

−pj w.p. 1− pj
. (1.32)

Like in the proof of (a), we want to show that E[DDT ] is 2× 2 is 2× 2 block diagonal. The only difference

from the proof used in part (a) is that R is now centered. E[Z̃jRk] = 0 when j ̸= k because Xj and Rk are

still independent under the self-masking mechanism, and when j = k,

E[Z̃jRj ] = E[Z̃jRj | Rj = 1− pj ]pj + E[Z̃jRj | Rj = −pj ](1− pj) (1.33)

= pj(1− pj)
(
E[Z̃j | Rj = 1− pj ]− E[Z̃j | Rj = −pj ]

)
(1.34)

= 0 (1.35)
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Table 1.1: OpenML data sets used. Note that for volkert and christine, we remove several features that are
either all 0 or are all 0 except a few rows, resulting in the dimensions listed.

OpenML ID Name n p Task n classes

23512 higgs 98050 28 classification 2
1458 arcene 200 10001 classification 2
41150 miniboone 130064 50 classification 2
41145 philippine 5832 309 classification 2
41142 christine 5418 1599 classification 2
1489 phoneme 5404 5 classification 2
6332 bands 540 16 classification 2
41166 volkert 58310 147 classification 10
40498 wine 4898 11 classification 7
41163 dilbert 10000 2000 classification 5
188 eucalyptus 736 9 classification 5
488 college 1161 6 classification 3
537 housing 20640 8 regression NA
42705 yolanda 400000 100 regression NA
507 space 3107 6 regression NA
315 crime 1994 25 regression NA

where E[Z̃j | Rj = 1− pj ] = 0 because of 0 imputation and E[Z̃j | Rj = −pj ] = 0 because of centering.

Different from (a), though, Rj ⊥̸⊥ Y now because both depend on Xj . We thus have

E[RjY ] = E[Y Rj | Rj = 1− pj ]pj + E[Y Rj | Rj = −pj ](1− pj) (1.36)

= pj(1− pj) (E[Y | Rj = 1− pj ]− E[Y | Rj = −pj ]) . (1.37)

Lastly, E[Rj , Rk] = 0 when j = k since Rj ⊥⊥ Rk under self-masking, and E[R2
j ] = pj(1− pj). Putting this

together, we have [
β∗
MIM

γ∗
MIM

]
=

[
E[Z̃Z̃T ]−1 0

0 E[RRT ]−1

][
E[Z̃Y ]

E[RY ]

]
(1.38)

=



β∗
1

...

β∗
p

E[Y | R1 = 1− p1]− E[Y | R1 = −p1]
...

E[Y | Rp = 1− pp]− E[Y | Rp = −pp]


. (1.39)

Part (c) The proof of part (c) starts by reordering the columns of D = [Z̃T ,RT ]T based on the blocks

B1, . . . , Bd, i.e.

D := [DT
B1

, . . . ,DT
Bd

]T := [Z̃T
B1

,RT
B1

, . . . , Z̃T
Bd

,RT
Bd

]T . (1.40)
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Using the same logic as in the proof of part (b), we can conclude that E
[
DDT

]
is d × d block diagonal,

where d is the number of blocks, and further for block Bℓ[
β∗
MIMBℓ

γ∗
MIMBℓ

]
= E[DBℓ

DT
Bℓ

]−1E[DBℓ
Y ]. (1.41)

Recall from the proof of (b) that

E[RjY ] = pj(1− pj) (E[Y | Rj = 1− pj ]− E[Y | Rj = −pj ]) (1.42)

thus for block Bℓ

E[DBℓ
DT

Bℓ
]−1E[DBℓ

Y ] (1.43)

= E[DBℓ
DT

Bℓ
]−1

[
E[Z̃Bℓ

Y ]

E[Y | RBℓ
= 1− pBℓ

]− E[Y | RBℓ
= −pBℓ

]

]
(1.44)

where we’ve abused notation and used E[Y | RBℓ
= 1− pBℓ

] to mean the vector of E[Y | Rj = 1− pj ] for

j ∈ Bℓ and similarly for E[Y | RBℓ
= −pBℓ

].

1.10 Additional Experiment Details

1.10.1 OpenML Data Sets

In Table 1.1 we show a description of the OpenML data sets used. The source data sets can easily by found

by searching the IDs on OpenML. We chose these data sets to represent diversity in n, p, and outcome type.

We also restrict to data sets with continuous features. For Figure 1.4, we only use data sets which have no

missing values, since we want to be able to completely control the missing mechanism in the data. The listed

values for p are the number of features used in the data sets for our experiments, which in some cases is

different than the listed number of features on OpenML. For example, there are several features in the volkert

data set which all entirely 0, and so we remove these features.

1.10.2 MIMIC

The MIMIC-III data set [48] is a standard data set for building models on electronic health records (EHRs),

and has been used by many papers to evaluate machine learning models [92, 28, 128, 8, 76, 24]. Due to its

popularity, many tools have been developed to preprocess the raw MIMIC data into forms suitable for data

science [35, 117, 83, 102]. We chose to use the mimic3-benchmark [35] to help preprocess our data, creating

data sets for the mortality, length of stay (LOS), and phenotype prediction tasks described in Section 1.6.

For each of the above tasks, the mimic3-benchmark code gathers data from 17 clinical variables as features

for the prediction. These 17 features are the same for each task. For each of the above tasks, the mimic3-

benchmark code provides scripts for generating multivariate time series data, with 1 time series per feature per

visit that covers a patient’s data across their hospital stay. The benchmark code also provides an additional

script to generate tabular data using feature engineering on the multivariate time series data to support their
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logistic regression baselines. Since we study tabular data, we use this additional preprocessing, and generate

1 feature for each clinical feature corresponding to the mean value across the observed components of the

time series. When a time series has no observed time steps, we leave the tabular feature as missing.



Chapter 2

Interpretable Machine Learning for

Survival Analysis

2.1 Introduction

Many healthcare problems require estimating the cumulative distribution function of a time-to-event random

variable T given a set of features X. For example, T may represent the time until patient death, and the

task is to estimate the mortality rate before time t given patient features X such as demographics, lab

measurements, etc. Such time-to-event problems are often called survival analysis problems and have a long

history in statistics [19].

While statistical approaches such as the Cox model [20] are useful when statistical inference is needed, recent

machine learning (ML) approaches for survival analysis often provide better predictive accuracy [47, 62, 86, 42].

Unfortunately, most of these ML models are black-box, providing little to no explanation for their predictions.

In healthcare settings, model interpretability is critical for several reasons. First, users (doctors and patients)

are more likely to trust a model’s predictions if the model can explain how each prediction is generated,

including how each of the features contributed to the prediction [82]. Second, ML models in healthcare are

often trained and validated on data from only one healthcare system, and without model interpretability,

spurious signal learned by a model can remain hidden. For example, visitation by a priest can be highly

correlated with mortality [22], and a black-box model could unknowingly rely heavily on this feature despite

it potentially not being available in many healthcare systems. Model interpretability can also enable the

discovery of new risk factors or previously unknown patterns in known risk factors, which is not possible

with black-box models. For these reasons, black-box ML models for survival analysis are often greeted with

trepidation in healthcare settings.

In contrast to black-box ML models, glass-box ML models are interpretable by design. Glass-box ML models

can explain how each feature contributes to each prediction (local importance) as well as how each feature

affects predictions globally on average (global importance and shape functions). In the context of supervised

learning, recent literature shows that glass-box ML models can achieve performance comparable to black-box

23
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models, combining the benefits of black-box ML models and traditional statistical models [75, 81, 17, 44].

However, few glass-box ML models are available for survival analysis.

In this chapter, we introduce 3 glass-box approaches for survival analysis. The first method combines survival

stacking and glass-box classification models for interpretable survival analysis [111]. The second method,

called DyS (pronounced “dice”), is a neural additive model that focuses on combining feature selection and

interpretability [113]. The third method, called DNAMite (pronounced “dynamite”), is a neural additive

model with a specially designed embedding module that produces more accurate shape functions [110].

2.2 Background and Related Work

2.2.1 Survival Analysis

Given a set of features X ∈ Rp and time-to-event label T ∈ R+, the survival analysis problem is to estimate

the conditional survival probability P (T > t | X), or equivalently, the cumulative distribution function

P (T ≤ t | X) which is often called the cumulative incidence function (CIF). To complicate the estimation, T is

commonly censored for some samples in the training dataset, so that only a lower bound on the time-to-event

is known. Survival training data arrives in the form (X,Z, δ), where the observed event time Z = min(C, T )

is the minimum of the true event time T and the censoring time C, and the censor indicator δ = 1C>T

indicates whether a sample’s event time is observed (1) or whether the event is censored (0).

Classical approaches to survival analysis often model the survival hazard function

λ(t | X) =
p(t | X)

P (T > t | X)
(2.1)

where p(t | X) is the conditional density function for T . For example, the Cox proportional hazards model

[20] specifies a linear function for the log of the hazard function:

λ(t | X) = λo(t) exp(β1X1 + · · ·+ βpXp) (2.2)

By separating λ(t | X) into a time-dependent intercept and a time-independent prediction, the Cox model

enforces proportional hazards: for two subjects with features X and X ′, the ratio λ(t|X)/λ(t|X ′) is independent

of the time t. Newer ML models relax this assumption either by estimating the hazard function λ(t | X) (or

the CIF/survival function) at several times t [62, 86, 42] or by estimating the parameters of a parametric

distribution for T [6].

2.2.2 Glass-Box Machine Learning

A glass-box machine learning (ML) model is a model that can produce accurate predictions while being

transparent in how predictions are generated. Given the ambiguity around model “interpretability” [73], we

consider a model to be a glass-box model if it can be completely described by a collection of simple plots. For

example, a linear model is a glass-box model since it can be fully described by a single line plot for each feature.

Such glass-box models are crucially different than black-box models pairs with post-hoc interpretability

methods like SHAP [71] or LIME [87], as these approaches are inexact and prone to approximation bias
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[56, 109].

Most literature on glass-box ML, including this paper, focuses on generalized additive models (GAMs). Given

a set of p features X = (X1, X2, . . . , Xp)T , a GAM f has the form

f(X) = β0 + f1(X1) + · · ·+ fp(Xp) (2.3)

where each feature function fj is a function of only one feature Xj and often called a shape function. GAMs

can also be extended to higher order feature interactions; for example, a GAM with pairwise interactions

(called a GA2M) has the form

f(X) = β0 + f1(X1) + · · ·+ fp(Xp) +
∑
j ̸=ℓ

fj,ℓ(Xj , Xℓ). (2.4)

In GA2Ms, the individual feature functions are often called main effects, while the pairwise interaction

functions are called interaction effects.

GAMs are glass-box models, since GAMs can be fully described by plotting each shape function. GAMs can

also easily produce feature importances: the importance of feature j is 1
n

∑
i |fj(xj)|, which measures how

much feature j contributes to the prediction f(x) on average across the training dataset. Further, GA2Ms

are also glass-box models under certain conditions. First, if the main effects and interaction effects are fit

jointly, a purification procedure based on the functional ANOVA decomposition can be used to “purify” the

main effects so that they maintain the entire marginal signal of each feature [63]. Alternatively, a GA2M

can first fit only main effects, freeze the main effects, compute the current prediction residual, and fit the

interaction effects on these residuals.

2.2.3 Calibration

For binary classification problems with binary response Y ∈ {0, 1}, a calibrated model is a model that

produces predictions P̂ (Y = 1 | X) that correspond in a probabilistic sense to the true value of P (Y = 1 | X).

That is, a model is calibrated if for all sets S = {i : P̂ (Y (i) = 1 | X(i)) ≈ α} we have

α ≈ P̂ (Y (i) = 1 | X(i)) ≈
∑
i∈S

Y (i)

|S|
. (2.5)

For binary classification models, calibration plots can check calibration by comparing prediction quantiles to

true positive frequencies [74]. For survival analysis, models are considered calibrated if the CIF P (T ≤ t | X)

is calibrated for all t. Unfortunately, censoring makes it harder to verify calibration, as the true event time T

is not known for all users. The standard approach to check calibration of survival models, which we follow in

this paper, is to plot CIF prediction bins against Kaplan-Meier estimates for each bin; see [5] for more details.

2.2.4 Related Work

While explainable ML methods have a long history in healthcare [1], methods for explainable survival analysis

have only recently been developed [58]. For post-hoc explanations, the SHAP package [71] supports post-hoc

explanations for xgboost models trained with the Cox loss. Additionally, recent papers have introduced
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extensions to SHAP [3, 55] and LIME [54] for survival analysis. For glass-box models, traditional GAMs

can be used with the Cox loss [37], but other survival losses requires outputting time-dependent prediction,

which is made easier with NAMs due to parameter sharing when learning multiple outputs. As such, multiple

NAMs have been proposed for survival analysis with various losses [121, 106, 113, 85]. Nonetheless, none of

these previous survival NAMs address the issues of over-smooth shape functions and calibration, which we

address with DNAMite.

2.3 Survival Stacking

Although few glass-box ML models have been developed specifically for survival analysis, numerous models

have been designed for binary classification [37, 98, 40, 75, 2]. Survival stacking [21] offers a method to

train binary classification models for survival analysis, thus enabling the application of these transparent

classification models to survival analysis. Specifically, survival stacking creates a new binary classification

dataset from a survival analysis dataset, such that probabilistic predictions on the new dataset correspond to

hazard prediction on the original survival dataset.

We describe an improved version of survival stacking that better scales to large datasets [111]. This version

can be readily combined with any glass-box binary classification model to create a glass-box survival model.

We assume survival data {(X(i), T (i), δ(i))}ni=1 where X is a vector of covariates, T is the time when the

event of interest occurs (e.g. getting heart failure), and δ is the censoring indicator, indicating whether,

at time T , the patient reaches the event of interest or is lost to future observation before developing the

condition. For each event time t observed in the original data set, survival stacking adds all samples X(i)

in the corresponding risk set R(t) = {i : T (i) ≥ t} to a new “stacked” data set. For sample i ∈ R(t), the

corresponding binary label in the stacked data set is 0 if T (i) > t, and 1 if T (i) = t. Additionally, an extra

covariate is added to the stacked data set representing the time t which defines the risk set R(t). Survival

stacking works because training a binary classifier on the survival stacked data estimates the hazard function

λ(t | X) An example of survival stacking on a smaller data set can be found in [21].

We use an improved version of survival stacking in our pipeline, which is outlined in Algorithm 2.1. Specifically,

we make two modifications to survival stacking as in [21] to better scale to large survival data sets. First,

instead of defining a one-hot-encoded categorical variable to represent time, we define a single continuous

time feature. This choice reduces the number of features, aiding computational efficiency and interpretability.

Second, stacking increases the number of samples quadratically, potentially creating computational hardships

as well as a severe class imbalance in the case of a high censoring rate. We perform random undersampling of

the majority class samples {i : T (i) > t} ⊂ R(t) to mitigate this issue.

Survival Stacking Prediction

After training a classification model f on survival stacked data, we must convert the model’s predicted

probabilities to survival curves for patients during inference. In [21], the survival curve S(t | X) = P (T > t | X)

is estimated using

Ŝ(t | X) =
∏
tk≤t

(
1− f(X ∥ tk)

)
. (2.6)
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Figure 2.1: Distribution of predicted survival probabilities S(t | X) = P (T > t) at t = 5 across test patients.
The left plot shows the survival probabilities using Equation 2.6 as in [21], while the right plot shows Equation
2.9. Our survival prediction method gives a reasonable distribution, while the method from [21] is incorrectly
skewed torwards 0.

where ∥ represents concatenation to add the extra time covariate from survival stacking. The motivation

for Equation 2.6 is that if the time variable T is assumed to be discrete, taking on only the observed times

t1, . . . , tk in the training set, then, assuming without loss of generality t1 ≤ t2 ≤ · · · ≤ tk ≤ t, S(t | X) can be

written as the product of conditional survival probabilities up until time t:

S(t | X) = P (T > t | X) =
∏
tk≤t

(
1− λ(tk | X)

)
(2.7)

see [101]. This motivates Equation 2.6 since the binary classifier f estimates the hazard function λ(t | X)

with survival stacking. However, the estimate in Equation 2.6 can become unstable in large sample, as

demonstrated in Figure 2.1. Further, we use a continuous time feature in our survival stacking algorithm,

implying that this discrete time assumption may not be suitable. Thus, we propose a different method for

predicting the survival curve, which is summarized in Algorithm 2.2. We first predict the cumulative hazard

function Λ(t | X) =
∫ t

0
λ(s | X)ds using Monte Carlo integration at n uniform continuously sampled times

t1, . . . , tn ≤ t:

Λ̂(t | X) =
t

n

n∑
i=1

f(X ∥ ti). (2.8)

After estimating Λ(t | X), we can naturally estimate S(t | X) using

Ŝ(t | X) = exp
(
−Λ̂(t | X)

)
. (2.9)

Using this estimator is possible since we used a continuous time feature in survival stacking, which allows for

such Monte Carlo integration.

2.3.1 Comparison to Glass-Box Survival Models

The main advantage of survival stacking is that it is a general-purpose tool that can be readily combined

with any binary classification model. However, it has limitations compared to glass-box models like DyS

and DNAMite can are specifically designed for survival analysis. First, the feature importances and shape

functions from a glass-box model trained with survival stacking describe contributions to the hazard function.

In comparison, glass-box survival analysis models can be designed to yield interpretations to more intuitive
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Algorithm 2.1 Survival Stacking With Subsampling

1: Input: Survival data (X1, T1, Y1), . . . ,
(Xn, Tn, Yn), sampling ratio γ.

2: Output: Classification data.
3: event times← {Ti : Yi = 1}, samples← [ ].
4: for t in event times do
5: samples += {(Xi ∥ Ti, 1) : Ti = t, Yi = 1}.
6: risk set = uniform random sample with

probability γ from {i : Ti > t}.
7: samples += {(Xi ∥ Ti, 0) : i ∈ risk set}.
8: end for
9: return samples.

Algorithm 2.2 Survival Prediction

1: Input: Fitted classification model f , survival data test sample X, prediction time t.
2: Output: Estimated survival probability

Ŝ(t | X) = P (T > t | X).
3: Sample t1, . . . , tn uniformly from (0, t].
4: Estimate CHF via Monte Carlo integration:

Λ̂(t | X) = t
n

∑n
i=1 f(X ∥ ti).

5: return Ŝ(t | X) = exp(−Λ̂(t | X)).

quantities, such as time-dependent survival probability. Second, even with the aforementioned improvements

to survival stacking, scaling to large datasets is inefficient, especially if both n and p are large.

2.4 DyS: Feature-Sparse Survival Analysis

DyS (pronounced “dice”) is a glass-box ML model for survival analysis [113]. DyS is trained using a ranked

probability score (RPS) loss function that directly optimizes the survival predictions, leading to better

discrimination [50, 6]. Additionally, DyS can perform feature selection during the model fitting process, both

on the main effects and on the interaction terms.

2.4.1 Model Architecture

The model architecture for DyS is summarized in Figure 2.2. Following previous glass-box models, DyS is

a generalized additive model with interactions, or a GA2M model. We choose to parameterize each shape

function in DyS using neural networks, specifically MLPs, making DyS a neural additive model (NAM) with

interactions, or a NA2M.

DyS uses a discrete-time model, summarized in Algorithm 2.3, to generate survival predictions. We assume

T is discrete with finite support at K distinct times: T ∈ {t1, t2, . . . , tK}. Under this model, DyS produces

K-dimensional outputs f(Xj), f(Xj , Xℓ) ∈ RK , for each feature Xj and interaction (Xj , Xℓ). The global

K-dimensional output f(X) is obtained by summing the outputs from all main effects and interactions. Next,

a softmax layer computes probability mass estimates P̂ (T = tk | X) for k = 1, . . . ,K. The probability of

survival to time tk, Ŝ(tk | X), is one minus the sum of the probability mass estimates at earlier times.
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= parameter

= loss function...
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= smooth-step function

Figure 2.2: Summary of the architecture of DyS. For simplicity, the interaction effects are not shown. When
feature sparsity is desired, the µj parameters are learned such that a subset of s(µj), j = 1, . . . , p are equal to
0, preventing the corresponding features from influencing the predictions.

Algorithm 2.3 DyS Survival Predictions

1: Input: Evaluation times t1, . . . , tK ; feature logits fj(Xj) ∈ RK ; interaction logits fj,ℓ(Xj , Xℓ) ∈ RK .

2: Output: Survival predictions Ŝ(tk | X), k = 1, . . . ,K.
3: f(X)←

∑
j fj(Xj) +

∑
j,ℓ fj,ℓ(Xj , Xℓ).

4: {P̂ (T = tk | X)}Kk=1 ← softmax(f(X)).
5: for k = 1 to K do
6: Ŝ(tk | X)← 1−

∑
t≤tk

P̂ (T = t | X).
7: end for
8: return Ŝ(tk | X), k = 1, . . . ,K.

Interpretation Plots

DyS can be fully summarized by feature (and feature interaction) impact plots, one for each evaluation time.

Specifically, the feature impact plot for feature j shows the logits of P (T = t | Xj) at each evaluation time t.

Each feature impact plot is normalized to sum to zero across the training data in order to avoid identifiability

issues. Given a set of features X, the model’s survival predictions Ŝ(t | X) can be obtained directly from these

plots by following Algorithm 2.3. DyS’s feature impact plots are critically different than partial dependence

plots [32], as DyS’s feature impact plots directly describe the model behavior using only the model structure.

DyS can also compute the importance of each feature j at each time t by averaging the absolute value of

the logits of feature j and time t across all training samples. If global feature importances are desired (i.e.

independent of evaluation time), the importances at each evaluation time can further be averaged.

2.4.2 Loss Function

To train survival models, we must map the continuous prediction function f(X) to a differentiable loss function.

Choosing an appropriate loss function for survival analysis is critical. While traditional supervised machine

learning problems often use a standard loss functions (MSE for regression, cross-entropy for classification),

there is no standard loss function for survival analysis.
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The most commonly used loss function in survival analysis is the Cox proportional hazards loss:

−
∏

i:δ(i)=1

exp(f(X(i)))∑
j:T (j)≥T (i) exp(f(X(j)))

, (2.10)

where (X(i), T (i), δ(i)) is the ith sample in the training dataset. This loss was originally derived as a negative

partial likelihood function for the Cox model [20] (in the Cox model, f(X) = XTβ). Intuitively, the loss

works by maximizing the risk exp(f(X(i))) for uncensored samples i at their event-times T (i), relative to the

other samples j : T (j) ≥ T (i) still at risk at time Ti. In practice, the log of Equation 2.10 is usually optimized

for numerical stability.

There are two major problems with the Cox loss. First, the Cox loss enforces proportional hazards, as

illustrated in Equation 2.10. This property asserts that if the model predicts a higher risk for sample i than

sample j at time t, it also predicts a higher risk for sample i at all other times, which may be unreasonable.

For example, consider mortality prediction: a childhood cancer patient is at much higher risk of mortality

than a typical 60 year old patient, but if the child lives into adulthood, their risk may drop relative to the

older patient. We revisit this example empirically in Section ??. Second, the Cox loss (or anything similar,

e.g. the time-dependent Cox loss [103]) takes as input risk predictions rather than survival predictions. Thus,

models that use the Cox loss must transform the model predictions in order to obtain survival predictions,

which are usually the quantity of interest.

For these reasons, we choose the Ranked Probability Score (RPS) loss function [50] instead of a Cox-based

loss. First, DyS follows Algorithm 2.3 to generate a survival curve estimate Ŝ(t | X) from the prediction

function f(X). Then the RPS loss is calculated as

LRPS(Ŝ, T, δ) =
∑
t<T

(1− Ŝ(t | X))2 + δ
∑
t≥T

Ŝ(t | X)2 (2.11)

for a finite set of evaluation times t ∈ (0,max(T )). The RPS loss is a discrete-time version of the Continuous

Ranked Probability Score [29, 6] originally proposed for time series forecasting. The first term in LRPS

maximizes survival for all samples before their respective event time, while the second term in LRPS minimizes

survival for all uncensored samples after their event time. Compared to Cox-style losses, the RPS loss directly

optimizes survival predictions, the usual quantity of interest.

2.4.3 Feature Sparsity

To obtain a feature-sparse model, inspired by [45], we introduce binary gates into our GA2M model:

f(X) =
∑
j

fi(Xj)zj +
∑
j,ℓ

fj,ℓ(Xj , Xℓ)zj,ℓ. (2.12)

Each binary gate zj , zj,ℓ ∈ {0, 1} controls whether or not each feature/interaction is used by the final model.

The binary gates are learned as parameters in the model alongside the shape functions fj , fj,ℓ. Given the

discrete nature of the binary gates, we follow [45] and replace the binary gates with smooth-step functions
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s(µj), s(µj,ℓ) ∈ [0, 1] with real-valued parameters µj , µj,ℓ ∈ R [38]. The smooth-step function is defined as

s(µ; γ) =


0 if µ ≤ −γ/2

− 2
γ3µ

3 + 3
2γµ + 1

2 if − γ/2 ≤ µ ≤ γ/2

1 if µ ≥ γ/2

(2.13)

The smooth-step function is a continuous function with range [0, 1], but unlike other such functions like the

sigmoid function, the smooth-step function can actually reach 0, producing an exactly sparse model. The

resulting GA2M model is

f(X) =
∑
j

fj(Xj)s(µj) +
∑
j,ℓ

fj,ℓ(Xj , Xℓ)s(µj,ℓ). (2.14)

To induce feature sparsity, the smooth-step parameters µj , µj,ℓ are learned via the RPS loss LRPS along with

the sparsity regularizer LSS(µ):

LSS(µ) = λ

∑
j

s(µj) + α
∑
j,ℓ

s(µj,ℓ)

 . (2.15)

Last, to control the rate at which the smooth-step functions converge to {0, 1}, we add the entropy regularizer

LE(µ):

LE(µ) = τ

∑
j

Ω(s(µj)) +
∑
j,ℓ

Ω(s(µj,ℓ))

 , (2.16)

Ω(x) = −
(
x log(x) + (1− x) log(1− x)

)
(2.17)

where Ω(x) explicitly encourages each s(µj), s(µj,ℓ) to converge to 0 or 1. DyS is trained by minimizing

LRPS +LSS +LE with respect to the trainable parameters in each shape function as well as the smooth-step

parameters.

Preset Feature Budget

Occasionally, a user may want a model that uses a fixed number of features. This can be achieved by finding

a hyperparameter λ that yields the desired number of non-zero features. One algorithmic way to select such

a hyperparameter is bisection, which uses a binary search algorithm to converge to a feasible hyperparameter

value.

2.4.4 Two-Stage Fitting

Training GA2Ms is computationally and memory intensive when the number of features in a dataset is large.

For example, a dataset with p = 1, 000 features contains ∼ 500, 000 possible interactions. Previous literature

has suggested an initial round of interaction screening in order to reduce the number of interactions in the

model: EBM [69] uses an efficient plane cutting algorithm, while Grand-Slamin’ [45] fits shallow decision

trees for all possible interactions to find the most promising interactions. Unfortunately, we found even these
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efficient methods to be too inefficient when both n and p are large. For example, on our heart failure dataset

with training data of size (n, p) = (537836, 2410), the estimated run time for fitting a single decision tree on

all possible interactions (as in [45]) is over 100 hours.

Instead, DyS takes advantage of the feature sparsity in the model. We first fit only the main effects of the

model. The fitting procedure naturally chooses an active subset of the main effects by learning the smooth-

step function parameters. Then, we freeze the main effects and fit interaction effects only for interactions

between two active main effects. This two-stage fitting approach, summarized in Algorithm 2.4, has both

computational and interpretability benefits: fitting main effects first ensures that each main effect captures

the entire available signal and does not leak into the interaction shape function. Hence, the shape function

for each main effect represents the “pure” effect of each feature [63].

Algorithm 2.4 DyS Two-Stage Fitting

1: Input: Survival dataset D.
2: Output: Fitted DyS model f .
3: Fit main effects of DyS model f on D using LRPS + LSS + LE.
4: Freeze existing parameters of f .
5: Gather candidate interactions (Xj , Xℓ) such that s(µj) > 0 and s(µℓ) > 0 in f .
6: Fit parameters in f for candidate interactions.
7: return Fitted DyS model f .

2.5 DNAMite: Discretized Glass-Box Survival Models

DNAMite (pronounced “dynamite”), like DyS, is a GA2M, i.e. a generalized additive model with pairwise

feature interactions [110]. However, DNAMite makes several improvements compared to DyS. Most noteworthy,

DNAMite discretizes all features into feature bins, and uses a specialized embedding module to learn an

embedding for each unique bin. This enables DNAMite to learn shape functions with a controllable level of

smoothness. Additionally, DNAMite optimizes the Inverse Probability of Censoring Weighting (IPCW) loss,

which is a proper scoring loss for survival analysis and therefore improves model calibration compared to the

RPS loss used in DyS.

2.5.1 Model Components

DNAMite estimates the CIF P (T ≤ t | X) by predicting P̂ (T ≤ t | X) at K evaluation times t = t1, . . . , tK .

To generate these predictions, DNAMite produces a K-dimensional vector for each feature and interaction,

which are summed and passed through a sigmoid function to obtain P̂ (T ≤ t | X) for each t. Each

feature/interaction function consists of an embedding module followed by a multi-layer perception (MLP).

We use neural networks for each function (instead of splines or boosted decision trees) to facilitate the use of

parameter sharing to seamlessly allow each function to have a multivariate output. The embedding module is

imperative to DNAMite, as it is crucial for allowing the model to accurately estimate shape functions (see

Figure 2.4). The following two subsections detail the key components of the embedding module.
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Figure 2.3: Overview of DNAMite. (Top Left) Each of the p feature and k interaction shape functions
consisting of an embedding module followed by a multi-layer perceptron (MLP). The final prediction sums the
K-dimensional output of each feature/interaction function followed by a sigmoid activation to output K CIF
estimates. (Bottom) Main effect and interaction embedding modules. Interaction embeddings concatenate
individual feature embeddings. Final embeddings are computed as weighted sums of the embeddings from
neighboring feature/interactions. (Right) Example feature importance scores for DNAMite from the heart
failure dataset.

Discretization

Unlike previous survival NAMs, DNAMite discretizes both continuous and categorical features. To discretize

a continuous feature into b bins, DNAMite uses feature quantiles to define b− 1 cut points that split the data

into b unique bins. One additional bin represents missing values. After defining the feature bins, DNAMite

replaces each original feature value with the corresponding bin index, ranging from 0, 1, . . . , b. DNAMite

learns a different embedding for each possible feature bin. For categorical features, each unique level gets

its own embedding, with one extra bin again for missing values. For interactions, DNAMite discretizes and

embeds each features in the interaction separately and concatenates the two embeddings.

Why discretize a continuous feature? Discretization loses information, yet counterintuitively, recent evidence

suggests this loss of granularity can improve predictive performance for neural networks [4, 31, 43]. One

explanation is that discretization, when combined with embedding layers, allows the model to learn embeddings

specialized for specific feature ranges, which is much more challenging when embedding continuous features

without discretization. Discretization also allows for seamless handling of special feature values.
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Embeddings

While most NAMs learn overly smooth feature functions, explicit feature discretization causes the opposite

problem: learned feature functions can overfit each individual bin, causing jaggedness (as shown in Figures 2.4

and 2.6). This jaggedness occurs because the embeddings for neighboring feature bins are learned independently,

ignoring ordinality. Such ignorance is different from tree-based models, which also discretize continuous

features but make feature splits using ordinal information.

To overcome this limitation, DNAMite learns embeddings for each feature bin that take advantage of the

ordering of each continuous feature. The embedding module for individual features and interactions is

visualized in Figure 2.3. First, each feature gets a standard embedding module: a lookup table is maintained

with d-dimensional embeddings for each unique feature bin. Final embeddings are computed as weighted

sums of the embeddings from neighboring feature bins, with weights determined by a kernel function that

depends on the number of bins between a reference bin and neighbor bin. A kernel hyperparameter γ controls

the smoothness of the learned embeddings. For full details on the embedding module for main effects, see

Algorithm 2.5.

Algorithm 2.5 Feature Embeddings

1: Input: feature value x ∈ R, binning function b : R→ Z+, embedding function e : Z+ → Rd

kernel strength γ, kernel width k, max bin size B.
2: Replace x with bin index b(x).

3: kernel weights← [exp
(
− (x−z)2

2γ

)
for z ∈ [−k, k] ∩ Z]

4: neighbor bins← [x + z for z ∈ [−k, k] ∩ Z].
5: Remove neighbors where neighbor binsi ≤ 0 or neighbor binsi > B.
6: embeds← [e(index) for index in neighbor bins]
7:

8: return
∑

i kernel weightsi · embedsi.

2.5.2 Interpretability

DNAMite can produce feature importances and estimated shape functions for the CIF at each evaluation

time used during model training. These granular interpretations are critical to capture important patterns

in survival data. For example, for survival datasets where the proportional hazards assumption is not

reasonable, time-dependent interpretations allow DNAMite to capture signal that Cox-based models would

ignore [113]. While DyS [113] also produces shape functions for each feature at each time, DyS visualizes

probability mass estimates P̂ (T = t | X), which are more difficult to interpret than DNAMite’s CIF

estimates P (T ≤ t | X). Importantly, it is not possible to convert DyS’s interpretations to CIF-based

interpretations because the final sigmoid activation is applied to the sum of the features; this final nonlinear

transformation confounds any additive interpretation via shape functions. Lastly, PseudoNAM can also

output time-depednent interpretations for the CIF, but PseudoNAM involved computing pseudo-values which

is very computationally slow for large dataset (too slow to complete in less than 5 hours on 2 out of 5 of our

experiment datasets in Table 2.1).
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2.5.3 Calibration

As discussed in Section 2.2.3, glass-box models must be well-calibrated, as post-hoc calibration confounds the

interpretation of model outputs. Unlike previous interpretable survival models, DNAMite produces calibrated

predictions without post-hoc calibration. To produce calibrated predictions, DNAMite is trained with the

Inverse Probability of Censoring Weighting (IPCW) loss. Given CIF predictions p̂(tk) = P̂ (T ≤ tk | X), the

IPCW loss is given by:
n∑

i=1

K∑
k=1

1Zi>tk p̂(tk)2

P̂ (C > tk)
+
1Zi≤tk,δi=1(1− p̂(tk))2

P̂ (C > Zi)
(2.18)

The IPCW loss is a proper scoring loss under the assumption that censoring is independent of features, i.e.

C ⊥⊥ X [88], which means that optimizing the IPCW loss learns asymptotically calibrated predictions. To

estimate the censoring probabilities P̂ (C > tk), we fit a Kaplan-Meier estimator before training DNAMite. If

there is reason to believe that C ⊥̸⊥ T , then as described in [88] the Kaplan-Meier estimate P̂ (C > tk) can

be replaced with any calibrated survival estimate P̂ (C > tk | X), e.g. a Cox regression model followed by

post-hoc calibration [5].

2.5.4 Training Specifications

The training algorithm for DNAMite is fully described in Algorithm ??. We highlight a few aspects of the

training procedure:

Identification GAMs such as DNAMite suffer from unidentifiability without imposing proper constraints

[15, 70]. For example, for two features Xj and Xℓ, shifting fj(Xj)→ fj(Xj) + 1 and simultaneously shifting

fℓ(Xℓ) → fℓ(Xℓ) − 1 results in the same predictions but different shape functions. DNAMite ensures

identifiability by constraining the predictions of every shape function to sum to 0 across the training dataset.

See Algorithm 2.6.

Algorithm 2.6 Compute Intercept

1: Input: DNAMite model f , train data D = {(X(i), Y (i))}ni=1.
2: β0 ← 0.
3: for j = 1, . . . p do

4: fj ← fj − 1
n

∑n
i=1 fj(X

(i)
j )

5: β0 ← β0 + 1
n

∑n
i=1 fj(X

(i)
j )

6: end for
7: for pairs j, ℓ in f do

8: fj,ℓ ← fj,ℓ − 1
n

∑n
i=1 fj,ℓ(X

(i)
j , X

(i)
ℓ )

9: β0 ← β0 + 1
n

∑n
i=1 fj,ℓ(X

(i)
j , X

(i)
ℓ )

10: end for
11: Add β0 to f
12:

13: return f .

Two-Stage Training DNAMite learns main effects and interaction effects in two stages to avoid the

purification step described in Section 2.2.2. Specifically, main effect terms are first learned via backprop until

convergence. Then the main effect weights are frozen and the interaction terms are learned through backprop
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Figure 2.4: Comparison of model performance in learning one feature’s shape function for synthetic data.
DNAMite captures the true shape more accurately than competing methods.

on the prediction function. As the interaction effects sum embeddings for each of the interacting features, the

(frozen) main effect embeddings are used to warm start the interaction embedding module.

Confidence intervals. Confidence intervals for shape functions are critical help diagnose variability in each

feature’s contribution. DNAMite uses cross-validation to generate confidence intervals for shape functions.

DNAmite splits the training data into B different train/validation splits and trains one model on each split.

The final prediction is the mean prediction from each of the B DNAMite models, and error bars for the

shape functions are generated by computing confidence intervals for the mean at each unique bin across the

B models.

2.6 Experiments

2.6.1 Synthetic Data

Since true feature shape functions are unknown in real-world data, we generate synthetic survival analysis

data to assess the ability of DNAMite and other glass-box models to accurately estimate shape functions.

To evaluate models across both simple and challenging shapes, we generate synthetic survival data where

each feature’s true shape functions is defined by piece-wise or continuous functions with varying levels of

jaggedness.

We compare DNAMite to three baseline models. First, to assess the impact of kernel smoothing on the

learned shape functions, we set the smoothing parameter in DNAMite to γ = 0, which we call DNAMite

(w/o kernel). Second, we remove the embedding module entirely from DNAMite and call the resulting model

NAM. Third, we train NAM with ExU activations in an attempt to improve the resulting shape functions [2].

Figure 2.4 illustrates the performance of DNAMite and other NAMs on one of the synthetic features We

evaluate the ability of each model to capture shape functions by calculating the mean absolute error (MAE)

between the predicted and true shape functions. DNAMite consistently captures feature shapes more

accurately, showing lower MAE across all features. DNAMite handles complex and jagged functions far better

than NAM, while maintaining competitive performance on simple feature shapes. Without kernel smoothing,

DNAMite tends to learn overly jagged shape functions, demonstrating the necessity of kernel smoothing

for avoiding overfitting. Surprisingly, despite producing very different shape functions, DNAMite achieves
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Figure 2.5: Comparison of models when learning a true shape function on synthetic data.

Table 2.1: Mean Time-Dependent AUC for DNAMite versus baselines. Models are run for 5 trials (mean ±
standard deviation shown), each with a different random seed and train/test split. DNAMite performs similar
to the best model on each dataset. Results within one standard deviation of the top performer for each
dataset are bold. † indicates a black-box model, and * indicates termination due to high runtime ≥ 5 hours.

dataset flchain metabric support unos heart failure

RSF† 0.955 ± 0.003 0.730 ± 0.027 0.831 ± 0.006 * *
DeepHit† 0.955 ± 0.002 0.714 ± 0.022 0.752 ± 0.006 0.753 ± 0.004 0.836 ± 0.004
SATransformer† 0.955 ± 0.002 0.723 ± 0.026 0.826 ± 0.008 0.769 ± 0.004 0.843 ± 0.005
DRSA† 0.939 ± 0.010 0.727 ± 0.027 0.835 ± 0.009 0.758 ± 0.004 0.809 ± 0.008
CoxPH 0.954 ± 0.002 0.707 ± 0.020 0.815 ± 0.008 0.692 ± 0.003 0.827 ± 0.004
AFT 0.954 ± 0.002 0.707 ± 0.020 0.812 ± 0.008 0.689 ± 0.003 0.827 ± 0.003
mgcv 0.905 ± 0.006 0.695 ± 0.015 0.812 ± 0.010 0.643 ± 0.005 0.514 ± 0.007
PseudoNAM 0.955 ± 0.002 0.712 ± 0.016 0.834 ± 0.008 * *
CoxNAM 0.928 ± 0.021 0.729 ± 0.025 0.819 ± 0.008 0.752 ± 0.003 0.779 ± 0.134
DyS 0.957 ± 0.002 0.730 ± 0.023 0.838 ± 0.007 0.724 ± 0.003 0.829 ± 0.008
DNAMite 0.950 ± 0.002 0.756 ± 0.015 0.834 ± 0.008 0.779 ± 0.006 0.841 ± 0.002

similar predictive performance with and without kernel smoothing. This result demonstrates that kernel

smoothing is necessary to avoid overfitting with respect to true shape functions, but not with respect to

predictive performance. In contrast, NAM learns shape functions that are overly simple and smooth, missing

important nuances of feature shapes as a result. Additionally, contrary to suggestions from [2], we find that

using ExU magnifies this issue, resulting in even less accurate shape functions.

Lastly, we also compare DNAMite to competing methods for learning true interaction functions on synthetic

data. We generate an interaction term for two features by defining thresholds that split the feature pair into

four regions and assigning a different score to each region. The scores are normalized to have a mean effect of

0 so that interaction effects so not bleed into true main effects. Figure 2.5 shows that DNAMite can more

accurately learn interactions compared to other models.

2.6.2 Real Data Benchmark

We now evaluate DNAMite and DyS on real-world survival data, comparing to the following other glass-box

and black-box ML models.

• CoxPH: linear Cox model [20].

• AFT: Accelerated Failure Time model, another linear model [118].

• mgcv:
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Figure 2.6: (Top) Shape functions for BMI feature in heart failure dataset. (Bottom) Calibration plots on
heart failure, evaluating at 5 years.

• RSF: Random Survival Forest, a black-box tree-based survival model [47].

• DeepHit: a black-box model using neural networks [62].

• DRSA: a black-box model which uses recurrent neural networks to output survival predictions at multiple

evaluation times [86].

• SATransformer: a black-box model based on transformers [42].

• CoxNAM: glass-box model using Cox loss [121].

• PseudoNAM: glass-box model trained using pseudo-values for survival curve [85].

The time-dependent AUC (as defined in scikit-survival [80]) for each dataset and model are shown in Table 2.1.

We use time-dependent AUC for model evaluation since all models (except CoxPH and CoxNAM) produce

time-dependent predictions. DyS is a top performer on 2 out of 5 datasets, while DNAMite is the best model

on two dataset and a top performer on 4 out of 5 datasets. This includes comparisons to black-box models,

demonstrating that glass-box survival models like DyS and DNAMite are competitive with state-of-the-art

ML models for survival analysis despite being highly interpretable. Further, DNAMite is the best performing

glass-box model on 3 out of 5 datasets, showcasing DNAMite as a state-of-the-art glass-box survival model.

Shape Functions

The top portion of Figure 2.6 shows shape functions for the BMI feature in the heart failure data, using an

evaluation time of 5 years. In addition to the glass-box baseline models, we include a version of DNAMite

setting γ = 0 in the embedding module to assess the impact of the kernel smoothing on the learned shape

functions, as done in Figure 2.4. The results are similar to the synthetic data results: both DyS and CoxNAM

produce shape functions that are too smooth, while DNAMite without smoothing produces a shape function

that is too jagged. Meanwhile, DNAMite’s shape function is non-monotonic and captures details of the BMI

feature without being too noisy.
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Table 2.2: Run times (wallclock seconds) for unos and heart failure.

model unos heart failure

CoxPH 22.895 ± 1.257 17.920 ± 2.906
AFT 12.073 ± 0.282 9.378 ± 0.201
mgcv 981.986 ± 161.866 111.261 ± 19.212
SATransformer 5414.365 ± 602.512 2100.597 ± 95.863
DRSA 1157.576 ± 76.178 360.696 ± 26.253
RSF * *
CoxNAM 657.999 ± 89.798 165.809 ± 31.627
PseudoNAM * *
DyS 1517.205 ± 86.914 783.335 ± 165.016
DNAMite 2690.676 ± 103.465 819.684 ± 78.972

DNAMite’s shape function also has the most direct interpretation. In the context of the heart failure dataset,

DNAMite’s shape function can be interpreted as the contribution of BMI to the predicted probability of

developing heart failure in the next 5 years (on the log-odds scale). DyS’s shape function, meanwhile,

represents the contribution of BMI to the predicted probability of developing heart failure at 5 years (not

before or after, pre-softmax), which is less useful. CoxNAM’s shape function represents the contribution of

BMI to the time-independent hazard risk of heart failure, which has no simple clinical interpretation.

Calibration

The bottom portion of Figure 2.6 shows calibration plots for the competing methods using the plotting

method described in Section 2.2.3, along with the MAE of each plot from the optimal calibration line (shown

with dotted line). DNAMite and CoxNAM are both well calibrated, while other models have worse calibration

visually and in terms of calibration MAE.

Runtimes

Table 2.2 shows the runtimes for all models considered in Table 2.1. All DNAMite runtimes are less than 1

hour, positioning DNAMite as a relatively efficient option even for larger datasets.

2.7 Case Study: Heart Failure Prediction

Over 1 million Americans are diagnosed with HF annually, a condition linked to high mortality and projected to

cost $70 billion per year by 2030 [11]. Many cases are preventable through early intervention, making accurate

prediction crucial [16]. Existing heart failure risk prediction models like PCP-HF [52] and PREVENT-HF

[51] were trained using manual feature selection and long-term epidemiological cohorts. We compare these

existing risk models to glass-box ML models trained on observational electronic health records (EHR) data.

2.7.1 Cohorts

We collect data from two medical systems: Stanford Medical and the Veterans Affairs (VA). In the Stanford

cohort, we included adults (≥ 18 years) with ≥2 primary care visits and no prior HF, defining the index
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Table 2.3: Discrimination of Models in Stanford and VA Cohorts

Model Stanford AUC Stanford C-Index VA AUC VA C-Index

Base PCP-HF Model 0.827 0.831 0.738 0.720
Recalibrated PCP-HF Model 0.836 0.840 0.722 0.706
Base PREVENT-HF Model 0.835 0.837 0.764 0.740
Recalibrated PREVENT 0.831 0.834 0.741 0.720
DNAMite-Base 0.847 0.842 0.750 0.735
DNAMite-Refined 0.840 0.841 0.741 0.722

date as the first primary care visit after January 1, 2015 with at least one year of continuous observation. In

the VA cohort, we included adults with ≥2 primary care visits during 2010–2011 and no prior HF, using

January 1, 2012 as the index date to allow 10 years of follow-up. Incident HF was defined as ≥ 2 outpatient

or inpatient encounters with an HF diagnosis. We included ¿2,000 candidate predictors: demographics,

diagnoses (from 1-year and indefinite lookbacks), vitals, labs, ECG measurements, and medications. For

continuous variables, we included both the most recent value and summary statistics (mean, min, max, SD,

frequency). Missing values were not imputed, since DNAMite natively handles missing values.

2.7.2 Modeling Approach

We combine the DNAMite architecture with DyS’s feature selection functionality to learn feature-sparse

additive models. We first train a feature-sparse DNAMite model on the Stanford data, which we call

DNAMite-Base. Then, we train a second model called DNAMite-Refined, making the following modifications

compared to DNAMite-Base:

1. We model age first and fit all other features on the residual of the age prediction, thereby avoiding selecting

features merely due to their correlation with age.

2. We remove non-generalizable or institution-specific features.

3. We combine redundant variables (e.g., multiple eGFR formulas).

We evaluate DNAMite-Base and DNAMite-Refine compared to baseline risk models PCP-HF [52] and

PREVENT-HF [51]. For both baseline models, we evaluate the model using the published coefficients as

well as refitted version using the Stanford data. We evaluate all models on the Standard data as well as

generalized to the VA data.

2.7.3 Results

Predictive Performance Table 2.3 compares the predictive performance of DNAMite models to the

baseline models. On the Stanford data, both DNAMite models outperform all baselines. The base PREVENT-

HF model generalizes best to VA data, but both DNAMite models still generalize well and outperform both

PCP-HF models. Such generalizability is noteworthy considering that the DNAMite models were built using

minimal clinical intervention.
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Figure 2.7: Feature importance scores for DNAMite-Base (left) and DNAMite-Refined (right) for 5-year risk
prediction.

Figure 2.8: Shape functions for 5-year risk for selected features from DNAMite-Refined.

Features Figure 2.7 shows the importance score for all features used in DNAMite-Base and DNAMite-

Refined. Age is the most important feature in both models. Cytology Report has a very large missing

importance score in DNAMite-base, due to correlation with age. Interestingly, there is only moderate overlap

between the feature selected by the DNAMite models and the clinical baseline models. Age and smoking

are the only risk factors used by all 4 models. 4 risk factors are used by DNAMite-Refined as well as both

baseline models: age, smoking, gender, and total cholesterol. Further, DNAMite-Refined and PCP-HF both

use race, while DNAMite-Refined and PREVENT both use eGFR. NT-proBNP, the second most important

feature in DNAMite-Refined, is not used in PCP-HF or PREVENT.

Shape Functions Figure 2.8 shows the 5-year risk shape functions for 3 features from DNAMite-Refined.

All 3 features show nonlinear trends. For example, DBP (diastolic blood pressure) shows an increased 5-year

risk of heart failure for those before 70 mmHg and above 90 mmHg. Shape functions for all features in

DNAMite-Base and DNAMite-Refined are shown in Section 2.9.

2.8 Conclusion

This chapter presents three approaches for building glass-box ML models for survival analysis. The first

approach presents a general purpose pipeline for using glass-box binary classification models for survival

analysis. DyS and DNAMite, on the other hand, are glass-box ML models specifically designed for survival
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analysis. Empirical benchmarks show that all three approaches can achieve competitive predictive performance

even compared to black-box survival models. Further, the methodology from DyS and DNAMite can be

combined to build feature-sparse additive models for survival analysis with discrete shape functions that

appropriately balance jaggedness and smoothness. Compared to state-of-the-art clinical models for heart

failure risk prediction, this methodology yields models with marginally better predictive performance without

the need for clinical intervention.

2.9 Appendix

Figure 2.9: Shape functions for DNAMite-Refined at 1 year and 5 years.
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Figure 2.10: Shape functions for DNAMite-Base at 1 year and 5 years.
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Chapter 3

dnamite: a Python Package for Neural

Additive Models

Neural additive models (NAMs) provide many benefits compared to traditional additives, as discussed in

Chapter 2. While standard additive models have support through mature packages in R [119] and Python

[93], there is currently no package in R or Python for NAMs that supports both survival analysis and feature

selection. dnamite [114], a Python package for neural additive modeling, fills these gaps. dnamite implements

NAMs via the DNAMite architecture [110], which was originally proposed for survival analysis but can be

easily adapted to support regression and classification. Additionally, dnamite supports feature selection for

regression, classification, and survival analysis using the learnable gates method in DyS. Most importantly,

dnamite is fully compatible with scikit-learn, enabling seamless training and analysis through simple function

calls and ensuring smooth integration into the scikit-learn ecosystem. dnamite is open-source, publicly available

on github, registered for installation via pip, and fully documented at https://dnamite.readthedocs.io.

3.1 Design Principles

dnamite provides users with an easy-to-use interface for training and interacting with NAMs. dnamite is

designed in the style of scikit-learn, allowing users to train, extract information, and make predictions from a

model with simple function calls directly from pandas dataframes. This design contrasts with many neural

network implementations that expect users to prepare specific data loaders and write custom training loops.

Although dnamite is written in PyTorch (thus scaling seamlessly on multi-core CPU or GPU hardware),

users of dnamite do not need to write any PyTorch code.

Figure 3.1 shows the class structure used in dnamite. The base class BaseDNAMiteModel serves as the

parent class for all dnamite models, implementing common functionality such as high-level functions for

model fitting, predicting, and making explanation plots. For each of the three supervised learning tasks

that dnamite supports (regression, binary classification, survival analysis), dnamite implements a child class

of BaseDNAMiteModel with task-specific functionality such as training loops. When a BaseDNAMiteModel

53

https://dnamite.readthedocs.io
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Figure 3.1: Class structure for dnamite models.

is trained, k instances of BaseSingleSplitDNAMiteModel are trained, each on a different train/validation

split. Each BaseSingleSplitDNAMiteModel implements the DNAMite architecture from Figure 2.3. DyS-

style feature gates as in Figure 2.2 are additionally added to enable feature selection. Predictions, feature

importances, and shape functions for a BaseDNAMiteModel are all computed by averaging the results across the

single split models. This cross-validation approach allows dnamite to compute errors for feature importance

and shape function plots, which is critical for assessing the reliability of these plots.

3.2 Related Packages

Several existing packages can be used to train additive models, as summarized in Table 3.1. Most existing

packages focus on fitting splines for each shape function, including many R packages [36, 119, 65, 91] and

a Python package [93]. A notable exception is the Python package Interpretml [75], which uses boosted

decision trees. Additionally, some R packages extend additive models to more advanced applications. For

example, mboost [39] supports both trees and splines and employs component-wise gradient boosting to enable

large-scale training and feature sparsity. gamlss [98] trains additive models that output full distributions

rather than just the mean response. Several packages build on this paradigm: gamboostLSS [40] combines

the benefits of mboost and gamlss, while bamlss [105] trains fully Bayesian distributional additive models.

dnamite instead uses neural networks for shape functions, leveraging their flexibility to naturally handle

missing values, perform feature selection, and conduct fully nonparametric survival analysis.

In comparison, very few packages exist for training NAMs. PiML [100] implements several NAM architectures,

but only one (GAMI-Net [123]) that supports feature-sparsity and none that support survival analysis. The

R package neuralGAM [77] also has a Python version but with no support for feature selection or survival

analysis. dnamite, meanwhile, implements a NAM architecture that has been shown to fit shape functions

more accurately than standard NAM architectures [110].
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Table 3.1: Comparison of additive model packages.

Package Language Models Feature Selection Survival Analysis Missing Values

gam R Splines ✗ Cox ✗
mgcv R Splines ✗ Cox/AFT ✗

mboost R Splines/Trees Boosting Cox/AFT ✗
gamlss R Splines ✗ Parametric ✗

gamboostLSS R Splines/Trees Boosting Parametric ✗
bamlss R Splines Lasso (linear) Parametric ✗
cgam R Splines ✗ ✗ ✗

spikeSlabGAM R Splines Spike-and-Slab ✗ ✗
neuralGAM R Neural Nets ✗ ✗ ✗

pyGAM Python Splines ✗ ✗ ✗
interpretml Python Trees Interactions only ✗ ✓

PiML Python Trees/Neural Nets Post-Hoc ✗ ✗

dnamite Python Neural Nets Learnable Gates Nonparametric ✓

3.3 Usage

In this section, we demonstrate how to use dnamite through an empirical example. Given the importance of

interpretability and feature selection in healthcare applications, we focus our experiments on the MIMIC III

clinical database [48], an electronic health records database from the Beth Israel Deaconess Medical Center.

Since MIMIC III is open source and anonymized, it is a natural choice for reproducible healthcare data

science experiments. For more usage information, see dnamite’s official documentation1 and source code2.

3.3.1 Data Preparation

Preparing data for dnamite requires very little preprocessing. All dnamite models ingest features as a pandas

dataframe and labels as a pandas series or numpy array. Features can be categorical, continuous, or even

missing, simplifying data processing: categorical features need not be encoded, continuous features need not

be standardized, and missing values need not be imputed as dnamite naturally handles all of these data types.

To prepare the raw MIMIC III data for our usage demonstration, we identify a cohort of 36,639 patients who

are at least 18 years old and have a minimum of 48 hours between their first admission and their last discharge

or death. Our focus is on mortality prediction, with two subtasks: in-hospital mortality prediction as a binary

classification task, and time-to-death prediction from the index time as a survival analysis problem.

We generate two mortality prediction datasets from the raw MIMIC III data. The first is a comprehensive

dataset with 757 features extracted from labevents and chartevents. The second is a benchmark dataset

consisting of one feature for each of the 17 clinical variables used in the MIMIC III benchmark [35], see Table

3.2. Most features align with well-known medical concepts. One lesser-known concept is the Glasgow Coma

Scale (GCS), which assesses consciousness through eye, motor, and verbal responses. Lower values in these

categories indicate reduced responsiveness.

We can generate these datasets from the raw MIMIC III data using dnamite’s fetch mimic function.

1https://dnamite.readthedocs.io/
2https://github.com/udellgroup/dnamite

https://dnamite.readthedocs.io/
https://github.com/udellgroup/dnamite
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Feature Type Missing Rate Example Values

Age Continuous 0.000 74.0, 23.0, 20.0
Gender Categorical 0.000 ‘F’, ‘F’, ‘M’
Ethnicity Categorical 0.000 ‘WHITE’, ‘BLACK’, ‘UNKNOWN’
Diastolic BP (mmHg) Continuous 0.173 55.107, 65.483, 56.043
Inspired oxygen (%) Continuous 0.814 52.0, 50.0, 70.0
GCS Total Continuous 0.522 11.889, 7.143, 14.526
GCS Eye Opening Continuous 0.175 3.667, 2.143, 3.842
GCS Motor Response Continuous 0.175 5.889, 3.143, 6.000
GCS Verbal Response Continuous 0.175 2.333, 1.857, 4.684
Glucose (mg/dL) Continuous 0.177 208.111, 154.611, 108.5
Heart Rate (bpm) Continuous 0.173 94.677, 135.775, 69.875
Height (in) Continuous 0.847 72.0, 60.0, 64.0
Mean Blood Pressure (mmHg) Continuous 0.173 72.071, 95.246, 78.159
Oxygen Saturation (%) Continuous 0.172 97.906, 91.637, 99.25
Respiratory Rate (bpm) Continuous 0.173 13.565, 21.226, 17.125
Systolic Blood Pressure (mmHg) Continuous 0.173 110.262, 120.846, 122.391
Temperature (F) Continuous 0.186 98.7, 99.51, 98.12
Weight (kg) Continuous 0.700 51.2, 87.0, 78.3
pH Continuous 0.404 7.282, 7.279, 7.46
Capillary refill rate Categorical 0.774 ‘Brisk”, ‘Brisk’, ‘Delayed’

Table 3.2: Features generated from MIMIC III for the benchmark dataset, following [35].

from dnamite.datasets import fetch_mimic

data_path = "/home/mvanness/mimic/mimic_raw_data/"

cohort_data, benchmark_data = fetch_mimic(

data_path=data_path,

return_benchmark_data=True

)

See the package documentation for complete details on data generation. The input file path should be

adjusted to point to a directory with the raw MIMIC III csv files, which may be obtained from physionet3.

3.3.2 Basic Usage

We start by importing standard packages and defining a few useful variables.

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

sns.set_theme()

from sklearn.model_selection import train_test_split

import torch

import os

device = torch.device(’cuda:0’ if torch.cuda.is_available() else ’cpu’)

3https://physionet.org/content/mimiciii/1.4/

https://physionet.org/content/mimiciii/1.4/
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seed = 10

The most basic use of dnamite is as an additive model for regression or classification. This paper demonstrates

binary classification, but regression is very similar. The following code prepares the benchmark in-hospital

mortality binary classification dataset.

X_benchmark = benchmark_data.drop(

columns=["SUBJECT_ID", "HOSPITAL_EXPIRE_FLAG"]

)

y_benchmark = benchmark_data["HOSPITAL_EXPIRE_FLAG"]

X_train_benchmark, X_test_benchmark, \

y_train_benchmark, y_test_benchmark = train_test_split(

X_benchmark,

y_benchmark,

test_size=0.2,

random_state=seed,

)

Fitting a binary classification dnamite model follows the standard scikit-learn style API, using the

DNAMiteBinaryClassifier class. After initialization, we train a dnamite model using the fit function.

from dnamite.models import DNAMiteBinaryClassifier

model = DNAMiteBinaryClassifier(

random_state=seed,

device=device,

num_pairs=5

)

model.fit(X_train_benchmark, y_train_benchmark)

DNAMiteBinaryClassifier has several parameters that can be set at initialization, the full list of which is

available in the package documentation. Three optional parameters are specified:

• random state: a random seed for controlling reproducibility.

• device: a PyTorch device or string used to initialize a PyTorch device. The default is “cpu”. Passing a

cuda device or string name triggers GPU training, which is more efficient.

• num pairs: the number of pairwise interactions to use. To select exactly k interactions, dnamite keeps

the k interactions with the largest gates s(µj,k). The default is zero, which excludes interactions from the

model.

When we call the fit function, several steps happen under the hood.

1. Identifying Data Types: dnamite first automatically determines the data type of each feature in the

input training data. The three possible data types are continuous, binary, and categorical.
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2. Defining Bins: dnamite defines feature bins for each feature in order to prepare for discretization and

embedding. Two optional parameters can be passed to a dnamite model that affect the binning of continuous

features. First, max bins controls the maximum number of bins a feature can have. The default is 32.

Second, min samples per bin sets a lower bound on the number of samples from the training dataset

that must belong to each bin. The default is the minimum of 50 and 1% of the training data samples.

Since each bin is assigned an embedding, this safeguard ensures that each embedding has enough data to

properly train.

3. Fitting Single Split Models: After defining data types and feature bins, dnamite starts fitting single

split DNAMite models, each to a different train/validation split (see Figure 3.1). The optional parameter

n val splits, which defaults to 5, controls how many data splits are used. For a given split, dnamite

uses the defined bins to transform the training and validation data so that all values are replaced by their

corresponding bin index. This transformed data is fed to PyTorch data loaders to prepare the data for

training. If num pairs is set to a value greater than 0, then pairs are selected using the first split and

remain the same for all splits.

We can save and load dnamite models using the standard PyTorch saving and loading functions.

torch.save(model, "mimic_benchmark_model.pth")

model = torch.load("mimic_benchmark_model.pth")

Next, we use the predict proba function to get probabilistic predictions from the model, which are needed

to compute the AUC score.

from sklearn.metrics import roc_auc_score

preds = model.predict_proba(X_test_benchmark)

dnamite_auc = np.round(roc_auc_score(y_test_benchmark, preds), 4)

dnamite_auc

0.8521

After training a dnamite model, we can visualize feature importances and shape functions with very little

additional computation. We first use the plot feature importances function to plot the feature importance

scores of the top features in descending order.

model.plot_feature_importances()
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Each bar represents the mean importance across validation splits, with error bars representing confidence

intervals. The optional parameter n features can be used to change how many features are plotted. If the

model uses pairwise interactions, these are also each assigned a score and eligible for inclusion in the plot.

For example, if feature “A” and feature “B” had an important interaction, it would be displayed as “A || B”.

A second optional parameter missing bin changes how the missing bin is used in the feature importance

calculation. The following are the options for setting this parameter.

• "include": the default, which treats the missing bin the same as all other bins. This option is acceptable

for most use cases but can result in misleadingly high importances if a feature’s missing bin has a high

absolute score due to informative missingness.

• "ignore": disregard the missing bin, i.e. average the absolute value of the shape function only for samples

where the feature is not missing. This option is useful if a user does not want missing values to influence

feature importances, or if diagnosing and analyzing informative missingness is not important.

• "stratify": compute separate feature importance scores for missing and observed. The observed score is

the same as the score when using “ignore”, and the missing score is the absolute value of the missing bin’s

output. The feature order is determined by the observed score. This setting allows the user to separate the

importance of a feature into missing and observed components, similar to computing feature importances

for a model after using the missing indicator method [112].

Below we demonstrate the non-default options for our trained dnamite model.

model.plot_feature_importances(missing_bin="ignore")

model.plot_feature_importances(missing_bin="stratify")
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Respiratory rate is the most important feature using the default combined score, but is only the fourth most

important feature by observed score. The stratified importance plot sheds light on this difference: respiratory

rate has a very large missing score, thereby increasing its overall importance score. This example illustrates

how the stratified importance plot can help users better understand the role of each feature. Importantly,

such stratification is possible due to DNAMite’s embedding module, and cannot be achieved with other NAM

architectures.

Next, we use the plot shape function function to plot estimated shape functions for selected features.

model.plot_shape_function([

"AGE",

"GCS_Verbal_Response",

"Respiratory_Rate",

], plot_missing_bin=True)

Similar to the feature importance plot, the error region in these shape functions represents pointwise confidence

intervals. The function’s first parameter accepts either a single string or a list of strings representing the

name(s) of the feature(s) to plot. A second optional parameter plot missing bin defaults to False but can

be set to True to visualize the missing bin score.

Age and respiratory rate, both critical indicators of a patient’s health, show positive correlations with

in-hospital mortality. Conversely, GCS verbal response exhibits a negative correlation with in-hospital

mortality, indicating that better verbal responses are associated with lower mortality rates. Additionally,

patients with a missing respiratory rate measurement are at much lower risk of in-hospital mortality. This

missing bin score exemplifies informative missingness, as patients who are critically ill are more likely to have

their respiratory rate monitored.

We can also visualize a model’s feature interactions. We first list the interactions used by the model, which
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are stored in model.selected pairs .

model.selected_pairs_

[[’GCS Eye Opening’, ’Systolic Blood Pressure’],

[’Oxygen Saturation’, ’pH’],

[’Systolic Blood Pressure’, ’pH’],

[’AGE’, ’Temperature’],

[’Heart Rate’, ’pH’]]

We can plot one of these interactions using the plot pair shape function function.

model.plot_pair_shape_function(

"GCS_Eye_Opening",

"Systolic_Blood_Pressure"

)

This interaction plot between eye opening and systolic blood pressure (SBP) shows two regions with increased

risk: very low eye opening with mid-to-high SBP as well as low SBP and mid-to-high eye opening. However,

this interaction has relatively low importance: it was not a top 10 feature in any of our feature importance

plots. Interestingly, we have found that dnamite models without any interactions often still have excellent

predictive performance.

Comparison to Existing Packages

Figure 3.2 compares the shape function for age among dnamite and three other packages from Table 3.1: inter-

pretml, PyGAM, and mgcv. Both dnamite and interpretml produce similar shape functions with comparable

test AUC values. mgcv’s shape function is similar in overall shape but is slightly smoother and has a slightly
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Figure 3.2: Comparison of dnamite to other additive model packages. For each package, the shape function
for age is given as well as the test AUC.

worse test AUC. Overall, these three packages provide similar value for standard regression/classification

modeling. In contrast, PyGAM generates a shape function that is completely uninterpretable despite having

a test AUC that is only marginally worse than the others.

3.3.3 Feature Selection

When feature selection is desired, dnamite allows users to select a subset of features before training a model.

dnamite performs feature selection as a separate initial step, ensuring consistent feature use across all single

split models.

We demonstrate dnamite’s ability to do feature selection using the complete cohort dataset.

cohort_data = cohort_data.drop([

"SUBJECT_ID",

"DOB",

"DOD",

"ADMITTIME",

"DEATH_TIME",

"CENSOR_TIME",

"LAST_DISCHTIME",

"index_time"

], axis=1)

X_cls = cohort_data.drop(["HOSPITAL_EXPIRE_FLAG", "event", "time"], axis=1)

y_cls = cohort_data["HOSPITAL_EXPIRE_FLAG"]

X_train_cls, X_test_cls, y_train_cls, y_test_cls = train_test_split(

X_cls, y_cls, test_size=0.2, random_state=seed

)

Since this dataset contains 757 features, feature selection is required to obtain a low-dimensional additive

model. After initializing a DNAMiteBinaryClassifier model as before, we use the select features function

to select features and interactions.
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from dnamite.models import DNAMiteBinaryClassifier

model = DNAMiteBinaryClassifier(

random_state=seed,

device=device,

)

model.select_features(

X_train_cls,

y_train_cls,

reg_param=0.2,

select_pairs=True,

pair_reg_param=0.0015,

)

Similar to the fit function, the select features function accepts training features and labels as its first two

arguments. A third required parameter reg param controls the strength of the feature sparsity regularizer,

i.e. λ in Equation 2.15. Larger values of λ will result in fewer selected features. Additionally, select features

accepts the following optional parameters that are used to further control the feature selection process.

• select pairs: whether or not to select a list of interactions along with the selected features. Defaults to

False.

• pair reg param: similar to reg param but controlling the strength of pair selection.

• gamma: controls the steepness of the smooth-step function as described in Equation 2.13. Smaller values

reduce the number of iterations required before feature pruning starts. The default value, which we have

found works well in many settings, is

gamma = min

(
N

B
· 1

250
· 16

d
, 1

)
, (3.1)

where N is the number of training samples, B is the batch size, and d is the hidden dimension. The

intuition is that as N/B (number of iterations per epoch) increases, the model will usually run more

iterations before convergence. Hence gamma should also be increased so that features are not pruned too

early.

• pair gamma: similar to gamma but for pairs selection. Defaults to gamma / 4.

After feature selection, the selected features and pairs are stored in model.selected feats and

model.selected pairs respectively.

print("Number of selected features:", len(model.selected_feats_))

print(model.selected_feats_)

Number of selected features: 12

[’AGE’,

’lab Lactate mmol/L’,
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’lab Anion Gap mEq/L’,

’lab Bicarbonate mEq/L’,

’lab Sodium mEq/L’,

’lab RDW %’,

’chart Level of Conscious’,

’chart Activity’,

’chart Code Status’,

’chart Gag Reflex’,

’chart Orientation’,

’chart Spontaneous Movement’]

print("Number of selected pairs:", len(model.selected_pairs_))

print(model.selected_pairs_)

Number of selected pairs: 1

[[’lab Lactate mmol/L’, ’lab Bicarbonate mEq/L’]]

Now, we call the fit function as before, and the model will automatically use the selected features and

interactions.

model.fit(X_train_cls, y_train_cls)

We obtain model predictions similarly, with the model again automatically using the selected features and

interactions.

from sklearn.metrics import roc_auc_score

preds = model.predict_proba(X_test_cls)

selection_auc = np.round(roc_auc_score(y_test_cls, preds), 4)

print(f"AUC with automated feature selection: {selection_auc}")

print(f"AUC with manual feature selection: {dnamite_auc}")

AUC with automated feature selection: 0.8792

AUC with manual feature selection: 0.8521

Compared to the features selected in the benchmark, the AUC of this model is approximately 0.025 higher,

demonstrating the potential lift in predictive performance due to automated feature selection. We see the

benefits of combining feature selection and additive modeling within the same package and model structure,

a combination that distinguishes dnamite from previous packages for additive modeling or feature selection.

As before, we can visualize feature importances and shape functions after training.

model.plot_feature_importances(missing_bin="stratify")
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model.plot_shape_function([

"chart_Level_of_Conscious",

"chart_Orientation",

"AGE",

])

Interestingly, all of the top features except age are different in this model compared to the benchmark model.

Many of these new features represent direct or indirect measures of overall health and/or seriousness of

care. For example, the most important feature is orientation, which assesses a patient’s cognitive awareness.

Patients who are more disoriented, need special remarks, or cannot have their orientation assessed are

(unsurprisingly) at higher mortality risk. Without algorithmic feature selection, MIMIC users might never

realize that any feature has such strong correlation with in-hospital mortality. Moreover, if a user wishes to

remove a feature like orientation, believing that it may leak information about the label, they can easily fit a

new dnamite model that excludes that feature. Users can also choose to combine manual and algorithmic

feature selection to refine their model.

Comparison to Existing Packages

As illustrated in Table 3.1, the only other additive model package that supports feature selection is PiML.

However, PiML’s feature selection capabilities are notably inferior to those of dnamite. Firstly, GAMI-Net
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[123] is the only model in PiML that implements feature selection. GAMI-Net initially fits all features and

subsequently selects the top k features based on shape function variation. This strategy is inefficient because

the model must fully estimate shape functions for all features before performing any selection. In contrast, a

dnamite model can prune a feature as soon as the feature’s gate is reduced to zero. Additionally, GAMI-Net’s

approach to feature selection is more heuristic compared to dnamite’s, as dnamite integrates feature selection

directly into the optimization process. Furthermore, dnamite’s feature selection has been demonstrated to

outperform GAMI-Net [44]. PiML also lacks comprehensive user guides or examples to illustrate how feature

selection can be executed using GAMI-Net; the PiML API includes a function, fine tune selected, for

pruning features but does not provide examples of its application.

3.3.4 Survival Analysis

Training and analyzing a dnamite model for survival analysis is similar to the workflow for regression or

classification. Following scikit-survival [80], dnamite expects labels prepared as a structured NumPy array

with dtype [('event', 'bool'), ('time', 'float')]. The event field should store True when the event

of interest is observed and False when the sample is censored. The time field should store the time-to-event

for observed samples and time-to-censoring for censored samples. For the MIMIC mortality data, patients

are censored with their last discharge time if their death time is not recorded in the dataset.

X_surv = cohort_data.drop(

["HOSPITAL_EXPIRE_FLAG", "event", "time"],

axis=1

)

y_surv = np.empty(

dtype=[(’event’, ’bool’), (’time’, ’float64’)],

shape=(cohort_data.shape[0],)

)

y_surv["event"] = cohort_data["event"].values

y_surv["time"] = np.clip(cohort_data["time"].values, 1e-5, np.inf)

X_train_surv, X_test_surv, y_train_surv, y_test_surv = train_test_split(

X_surv, y_surv, test_size=0.2, random_state=seed

)

dnamite uses the class DNAMiteSurvival for survival analysis models. We can fit a feature-sparse dnamite

survival model using the same functions as before.

from dnamite.models import DNAMiteSurvival

model = DNAMiteSurvival(

random_state=seed,

device=device,

)

model.select_features(
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X_train_surv,

y_train_surv,

select_pairs=True,

reg_param=0.75,

pair_reg_param=0.005,

)

print("Number of selected features:", len(model.selected_feats_))

print("Number of selected pairs:", len(model.selected_pairs_))

model.fit(X_train_surv, y_train_surv)

Number of selected features: 17

Number of selected pairs: 4

dnamite survival models optimize the IPCW loss given in Equation 2.18. By default, the censoring dis-

tribution is estimated using a Kaplan-Meier model. To use a Cox model instead, the optional parameter

censor estimator should be set to "cox" at initialization.

Unlike previous classification models, a dnamite survival model yields interpretations for specific evaluation

times. In the plot feature importances function, we add a parameter eval times to specify either a single

evaluation time or a list of evaluation times for which feature importance scores should be plotted.

model.plot_feature_importances(eval_times=[7, 365], missing_bin="stratify")

These importances illustrate interesting differences in the risk factors for short-term (next 7 days) and

long-term (next year) mortality risk. For short-term mortality, the most important feature is code status,

which describes how much medical intervention should be taken in the event of a medical emergency. Another

important feature relative is Anion Gap, with elevated levels being a well-documented predictor of imminent

mortality risk [14]. Conversely, Red Cell Distribution Width (RDW) is relatively more significant for predicting

long-term mortality risk [116].

Similarly, we call the plot shape function function with parameter eval times to plot shape functions for

features at specific evaluation times.

model.plot_shape_function(

["chart_Code_Status", "chart_Level_of_Conscious", "lab_RDW_%"],



CHAPTER 3. DNAMITE: A PYTHON PACKAGE FOR NEURAL ADDITIVE MODELS 68

eval_times=[7, 365]

)

The patterns of these shape functions remain consistent at different evaluation times, although their magnitudes

change to reflect varying levels of importance across time.

Assessing the calibration of survival models is important as calibration ensures that survival predictions

have valid probabilistic interpretations [5]. dnamite supports calibration assessment via calibration plots.

To make these calibration plots, dnamite first partitions samples into bins using quantiles of the predicted

CDF estimates at a given evaluation time. Within each bin, a Kaplan-Meier estimator is used to estimate

the true CDF score, which is plotted against the bin’s average predicted CDF from the model. A trained

dnamite survival model can call the function make calibration plot to assess calibration. The function

accepts features, labels, and a list of evaluation times.

model.make_calibration_plot(X_test_surv, y_test_surv, eval_times=[7, 365])
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These plots illustrate that the trained model is reasonably calibrated since the points are all close to the

y = x line. If the model were to appear uncalibrated, a possible cause is that C ⊥̸⊥ X, so that the IPCW loss

in Equation 2.18 is improper. In that case, we recommend retraining the model setting censor estimator

to "cox" to see if relaxing the assumption to C ⊥⊥ T | X improves calibration.

Comparison to Existing Packages

As shown in Table 3.1, there are no existing Python packages that support training additive models for

survival analysis. The R packages gam and mgcv support survival analysis, but with several limitations

compared to dnamite. First, both packages only support training with the Cox proportional hazards loss,

constraining these models to the proportional hazards assumption that dnamite avoids. Second, neither R

package supports feature selection, which is a core component of dnamite. Third, neither package can handle

missing values natively. Instead, they would require missing value imputation, and so they cannot identify

the impact of missing values in feature importances and shape functions.

3.3.5 Advanced Usage

Controlling Smoothness

The parameter γ in Algorithm 2.5 controls the smoothness of dnamite’s shape functions. Exposing γ as an

optional parameter gives users more control over shape function smoothness. A user who wants simple shape

functions should set γ to a large value. Conversely, a user who wants more complicated shape functions at

the risk of overfitting should set γ to a small value.

The optional parameter kernel weight sets γ in dnamite models at initialization. Below we demonstrate

the impact of changing kernel weight on the GCS Verbal Response feature in the benchmark binary

classification dataset.

fig, axes = plt.subplots(1, 5, figsize=(20, 4))

kernel_weights = [0, 1, 5, 10, 100]

for kw, ax in zip(kernel_weights, axes):
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model = DNAMiteBinaryClassifier(

random_state=seed,

device=device,

kernel_weight=kw,

)

model.fit(X_train_benchmark, y_train_benchmark)

model.plot_shape_function("GCS_Verbal_Response", axes=[ax])

ax.set_title(f"Kernel Weight = {kw}")

plt.tight_layout()

When ϕ = 0, kernel smoothing is completely removed, and the shape function is (as expected) very noisy.

With ϕ = 3 and ϕ = 10, a smoother shape emerges but still with two inflection points. Finally, when ϕ = 50,

the shape function becomes nearly monotonic. The default value is 3, and we recommend choosing a value

between 1 and 10 for most use cases.

Monotonic Constraints

Increasing ϕ gives dnamite users one way to simplify model shape functions. Alternatively, users may

insist that shape functions are fully monotonic due to prior domain knowledge of the problem. In these

cases, dnamite allows users to provide monotonic constraints on individual features. dnamite follows the

interpretml API for user-supplied monotonic constraints: a single list of length n features is required,

where 0 indicates no constraints, 1 indicates a monotone increasing constraint, and -1 indicates a monotone

decreasing constraint. Below we train a dnamite model with selected monotone features by passing the above

list to the monotone constraints optional parameter.

monotone_constraints = [

1 if c == "AGE" else

-1 if c in ["GCS_Eye_Opening", "GCS_Verbal_Response"] else

0

for c in X_train_benchmark.columns

]

model = DNAMiteBinaryClassifier(

random_state=seed,

device=device,
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monotone_constraints=monotone_constraints,

)

model.fit(X_train_benchmark, y_train_benchmark)

dnamite implements monotonic constraints as follows. Suppose the input for feature j falls in bin index i.

Without monotonic constraints, the output for feature j would be f̂j(i). For a monotone increasing feature,

this output is replaced with oj +
∑

k≤i f̂j(i− k)2, where oj is a learnable offset parameter. Similarly, for a

monotone decreasing feature, the output is replaced with oj −
∑

k≤i f̂j(i− k)2.

Below we compare the AUC of this model to the model trained in 3.3.2, which has no monotonicity constraints.

preds = model.predict_proba(X_test_benchmark)

monotone_constraints_auc = roc_auc_score(y_test_benchmark, preds)

print(f"Monotone constraints AUC: {round(monotone_constraints_auc, 4)}")

print(f"Baseline AUC: {dnamite_auc}")

Monotone constraints AUC: 0.8484

Baseline AUC: 0.8521

The monotonicity constraints have little effect on the predictive performance. Further, we can plot shape

functions to verify that the monotonic constraints are working as intended.

model.plot_shape_function([

"AGE",

"Respiratory_Rate",

"GCS_Eye_Opening",

"GCS_Verbal_Response",

])

The shape functions for age, GCS eye opening, and GCS verbal response follow their intended monotonicity

constraints, while the respiratory rate shape function is not monotonic.

Feature Selection Paths

Determining the right number of features to choose can be challenging in feature selection models. dnamite

controls the number of features chosen through reg param (λ in Equation 2.15). One strategy sets λ via
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hyperparameter optimization using validation predictive performance. However, this strategy will prioritize

accuracy over interpretability, producing models with (possibly too) many features.

An alternative approach is to test multiple λ values and select the smallest feature set that main-

tains competitive predictive performance. To facilitate this approach, dnamite implements a function

get regularization path that helps users select the right number of features for their dataset. The function

tries several λ values and reports the validation loss and score associated with each value.

model = DNAMiteBinaryClassifier(

random_state=seed,

device=device,

)

feats, path_data = model.get_regularization_path(

X_train_cls, y_train_cls, init_reg_param=0.01

)

plt.plot(

path_data["num_feats"], path_data["val_loss"],

marker=’o’, color=’b’

)

plt.plot(

path_data["num_feats"], path_data["val_AUC"],

marker=’o’, color=’r’

)

plt.legend(["Validation Loss", "Validation AUC"])

<matplotlib.legend.Legend at 0x7f80dbec7e50>

Selecting less than 10 features yields significantly worse predictive performance, while the performance
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improvements after selecting about 15 features are marginal. To see the features that are selected at each

point in this graph, the returned dictionary feats can be queried using the number of selected features as

the key.

feats[10]

[’AGE’,

’lab Lactate mmol/L’,

’lab Anion Gap mEq/L’,

’lab Bicarbonate mEq/L’,

’lab Sodium mEq/L’,

’lab RDW %’,

’chart Level of Conscious’,

’chart Activity’,

’chart Code Status’,

’chart Orientation’]

3.4 Conclusion

This chapter introduces dnamite [114], a Python package that implements a suite of Neural Additive Models

(NAMs). dnamite’s models can be used for regression, classification, and survival analysis, offering improved

accuracy compared to linear models and improved interpretability compared to black-box models. Further,

dnamite supports automated feature selection before training, allowing users to fit low-dimensional additive

models on high-dimensional datasets. By using the DNAMite architecture, dnamite’s models can flexibly

adapt to different desired smoothness levels in shape functions, as well as elegantly handle categorical features

and missing values. Our usage demonstration illustrates the power of dnamite as a package for interpretable

machine learning.



Concluding Remarks

Throughout this dissertation, we have presented novel methodologies for interpretable machine learning (ML)

with applications in healthcare, focusing particularly on handling missing values and developing explainable

models for survival analysis. As we look to the future of ML in healthcare, the approaches developed here

offer several promising directions for continued research and practical implementation.

The investigation of missing value handling in Chapter 1 demonstrates that the Missing Indicator Method

(MIM) and Selective MIM (SMIM) provide effective strategies for leveraging the signal in missing patterns.

This work challenges the conventional wisdom that missing values are merely obstacles to overcome and

instead reveals them as potential sources of predictive information. Future research could extend these

approaches to time-series data in healthcare, where patterns of missingness across time may contain even

richer signals about patient trajectories and outcomes.

The interpretable survival analysis models presented in Chapter 2, including survival stacking, DyS, and

DNAMite, represent advances in our ability to predict time-to-event outcomes while maintaining full model

transparency. As healthcare increasingly focuses on personalized medicine and risk stratification, these

methods offer clinicians interpretable predictions that can directly inform treatment decisions and resource

allocation. Looking forward, these approaches could be extended to incorporate multimodal data including

genomics, imaging, and unstructured text, while preserving their essential interpretability.

The dnamite Python package described in Chapter 3 bridges the gap between methodological innovation and

practical implementation, making neural additive models accessible for researchers and practitioners. This

tool represents an important step toward increasing the accessibility of interpretable ML approaches. We

hope to continuously improve the package as more exciting clinical applications arise.

As ML continues to evolve, the tension between model complexity and interpretability remains a central

challenge, particularly in healthcare. The methodologies presented in this dissertation demonstrate that

this tension can be productively resolved, as powerful predictive models need not sacrifice transparency.

Moving forward, interpretable ML approaches will likely play an increasingly important role in healthcare

as regulatory frameworks around AI continue to emphasize explainability and as clinicians demand models

whose predictions they can trust and understand.

The future of interpretable machine learning in healthcare will likely involve closer collaboration between

ML researchers, healthcare providers, and patients themselves. Models that cannot only make accurate

predictions but also communicate their reasoning effectively will be essential for building trust and driving

74
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adoption. By continuing to advance methods that balance predictive power with interpretability, we can

develop machine learning systems that serve as valuable partners in healthcare decision-making rather than

inscrutable black boxes.

In conclusion, this dissertation has contributed novel methodologies for handling missing data and building

interpretable survival models, with a focus on healthcare applications. These contributions lay the groundwork

for future innovations in interpretable machine learning that can meaningfully improve healthcare delivery

and patient outcomes while maintaining the transparency necessary for responsible implementation in clinical

settings.
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