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ABSTRACT

Missingness and measurement frequency are two sides of the same coin. How
frequent should we measure clinical variables and conduct laboratory tests? It de-
pends on many factors such as the stability of patient conditions, diagnostic pro-
cess, treatment plan and measurement costs. The utility of measurements varies
disease by disease, patient by patient. In this study we propose a novel view
of clinical variable measurement frequency from a predictive modeling perspec-
tive, namely the measurements of clinical variables reduce uncertainty in model
predictions. To achieve this goal, we propose variance SHAP with variational
time series models, an application of Shapley Additive Expanation(SHAP) al-
gorithm to attribute epistemic prediction uncertainty. The prediction variance is
estimated by sampling the conditional hidden space in variational models and can
be approximated deterministically by delta’s method. This approach works with
variational time series models such as variational recurrent neural networks and
variational transformers. Since SHAP values are additive, the variance SHAP of
binary data imputation masks can be directly interpreted as the contribution to pre-
diction variance by measurements. We tested our ideas on a public ICU dataset
with deterioration prediction task and study the relation between variance SHAP
and measurement time intervals.

1 INTRODUCTION

Researchers have made enormous amount of efforts to make the deep learning black boxes transpar-
ent. Both model specific and model agnostic methods have been developed to tackle the challenge
of explaining the outputs of deep learning models. Among them, the game theoretic approach of
SHAPHuang et al.[(2022); Nie et al.|(2022) (SHapley Additive exPlanations) stands out and become
one of the most popular method.

Explanations about the predictive model output alone may not be enough. To gain a holistic view
of predictions, we need to understand its variability. For future event predictions, such as patient
deterioration prediction, it is also desirable to understand how soon the event will happen. Tradi-
tionally, these tasks can be done by training separate models against different targets. However, this
approach is at the risk of inconsistent explanation and predictions among different models, thus may
be difficult for human to understand. This may cause a problem when trying to translate explana-
tion results to actions, because the causal relation between different tasks are implicit. Therefore,
the only valid solution is to use one model for all tasks. Multitask learning is the most appreciated
approach in this case. Alternatively, and recently, generative models are also naturally capable of
performing multitasks. We propose to use variational generative models to predict patient deterio-
ration, meanwhile, desirable quantities like prediction variability, and acuity of disease(how fast the
patient is deteriorating?) can be derived from the model.

Besides the purpose of seeking explanations of black-box models, we believe the explanation of
variance is crucial to the question of when and what clinical variables should we collect from pa-
tients. The solution to this question could potentially unlock methods to reduce healthcare expenses
without compromising the quality of care. The problem becomes even more important in the sce-
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nario of pediatric care, where for example, frequent blood draws may do more harm than the benefit
gained from test results.

In this paper, we aim to exploit the locality and additivity of SHAP values, and expand model pre-
dictions to prediction variability, with the help of variational models and a bit of stochastic calculus.
Variational inference methods are powerful generative models which approximate the posterior dis-
tribution of assumed hidden, unobserved variables. While in variational models, the hidden states
are represented by random variables, we construct explicit and deterministic games of prediction
variance, so that the SHAP values can be back propagated to input clinical variables. Further, we
argue that additive SHAP values, propagated to carefully handcrafted features, can potentially trans-
late to real actions. We provide such an example in the experiment section, where we discover that
the frequency of clinical variable collections are highly correlated prediction variability. The idea
is best illustrated by figurdI] A variational time series model will be trained for deterioration pre-
diction. At every time step, SHAP value explanations of predicted risk score, prediction variance
are generated along with the model output. Jupyter notebooks and codes for the public dataset are
available on githubj'}
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Figure 1: Proposed architecture for explaining prediction variance. Contributions in blue. The
prediction variance can be deterministically approximated from the posterior distribution of hidden
states via Delta’s method, which is essentially a Taylor expansion.

2 PRELIMINARIES

2.1 VARIATIONAL TIME SERIES MODELS

As the name suggests, variational time series models combine variational inference with recurrent
structures for time series. We refer the term “variational time series models” to any time series
models (i) of which its hidden states are represented by a set of parameters of some probabil-
ity distributions and (ii) its hidden states are updated by some recurrence mechanism, e.g. re-
current gated unit. A wide range of models fall into this category, such as variational recurrent
neural networks(VRNN)Chung et al.| (2015)); [Purushotham et al.| (2016)), stochastic recurrent neu-
ral networks(SRNN)Bayer & Osendorfer| (2014); [Fraccaro et al.| (2016), and variational transform-
ers(VTrans)Shamsolmoali et al.| (2023)); Lin et al.| (2020).

Figure [2]shows a graphic representation of a typical variational time series model structure. Suppose
the hidden space at time step ¢ consists of several independently normally distributed variables
zt, parameterized by mean vector u; and a diagonal covariance matrix ;. Upon every time step
forward, p; and ¥; are inferred by the encoder network from current input x; and previous recurrent
hidden state h;_;. Next, the hidden state vector is drawn from the distribution based on inferred
parameters via reparameterization tricks§Rezende et al.| (2014); Kingma & Welling (2013)). The task
network then uses z; to make predictions or classifications. As for the recurrent mechanism, both z;

'https://github.com/kanbei7/VarianceSHAP_for_VRNN
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Figure 2: Variational Recurrent Models and Training Loss

and x; serve as the inputs to the recurrence unit. In this way, the model allows for certain degrees
of stochasticity or transition between hidden states. Details of the training steps can be found at

appendix [ATT.1]
Formally, we denote the input time series as x = (x1,22,...,&,) Where n is the length of the
sequence, and subscription ¢ is a dummy variable for time step. Each x; € R?, with d being
the number of features. The deterministic hidden states from the recurrent model is marked by
h¢, while the random variable z; is drawn from a set of distributions parameterized by p; and ;.
0; is a short hand of the combination of distribution parameters p; and ;. 0 prior stands for
the parameters of prior distribution. y; and y, denote the predicted score and the ground truth
respectively. Though the main task can be of various kind such as classification, prediction or
regression, we use C'LF(-) for the main task network. Similarly, RN N (-) for recurrence unit, but
really it can be any recurrence mechanism like Long-Short Term MemoryHochreiter & Schmidhuber
1997), Gated Recurrent Uni{Chung et al.| (2014) or TransformerdHuang et al.| (2022); [Nie et al.
2022). The naming of other components are straightforward, ENC(-) for encoders, DEC(-) for
decoders and PRIOR(-) for prior network. For parameter of distributions, s, %; € R*¢¥™. For
hidden states, h; € RPa"™ 2, € R=z¢i™,

at,prior = PRIOR(htfl)

0, = ENC(ho_1, 1), 00 = s, St M
2 = p + Sger, € ~ N(0,1) (2)
Yt = CLF(2) 3)

hi = RNN (hy—1, ¢, 2¢) 4)

Reconstructed 7 is given by the decoder. Based on the result of o-Variational Auto EncodersRybkin
(2021)), it suffices to just out put £, since the negative log likelihood loss is analytically deter-
mined by «; itself. Therefore, there is no need for decoders to produce another set of parameters.

.’ft = DEC(ht, Zt) (5)

2.2  PATIENT DETERIORATION PREDICTION

In this study, we train variational recurrent models to predict the risk of mortality of ICU patients
in the next 48 hours. Clinical deterioration (also known as “clinical decompensation”) refers to the
process during which the patient’s condition evolves towards undesirable outcomes. Depending on
the context, its meaning varies. In the emergency room, the practice of predicting deterioration is
known as “triaging” . Namely, to stratify patients based on their risk of deterioration, so that pa-
tients with immediate risk will be prioritized. For patients admitted to the Intensive Care Unit (ICU),
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physicians are concerned with unexpected worsening of the disease and risk of mortality. For pa-
tients in general wards, clinical deterioration usually results in critical events such as transfer to the
ICU or cardiopulmonary arrest. The hope is that early predictions of onsets of clinical deterioration
will eventually bring benefits to all stakeholders including patients, physicians, and insurance com-
panies. In the scope of this paper, our models predict ICU transfers for general ward patients and
risk of mortality for ICU patients. Figure ?? illustrates the n-step ahead risk of mortality predictions
for ICU patients. The prediction is made at every time step.

3 VARIANCE SHAP

Although the hidden variables are modeled by parameterized distributions, the variance game(the
game of attribute variance)Galeotti & Rabitti| (202 1)); (Colini-Baldeschi et al.| (2018), is actually de-
terministic, because we can explictly and deterministically calculate the variance of § = clf(2)
given z ~ N(u, X). The only thing we need to do is to wrap the original model so that the predic-
tion variance become the wrapped model’s output. Then, SHAP method can be applied. We use v(-)
to denote the value of a game. We disregard sampling methods for its computational cost.

For complicated ¢l f functions, we resolve the problem by using Delta’s methodOehlert| (1992);
Hong & Li|(2018)). To estimate var|[f(z)], where z ~ N(u, o), notice that

f(2) = f(p) + (2 — ) f' (1) (6)

Therefore, the variance can be estimated by,

varlf(2)] =var(f(z — )] - [f'(W)]* = o - [f'(u)]? Q)

4 EXPERIMENTS

Medical Information Mart for Intensive Care, or MIMIC- IV in short, is a large, open-source, dei-
dentified database of hospitalized patientsJohnson et al.[ (2020} 2023); |(Goldberger et al.| (2000). It
contains clinical notes, ECG data, time series of vital signs, laboratory test results and assessment
scores. In this study, we use MIMIC4 data for ICU patients which contains about 60,000 ICU stays
after data cleaning. The data is aggregated to hourly level time series of varying lengths. The median
length of stay is 61 hours, while the mortality rate is 7.8%. We train variational recurrent models to
predict the risk of mortality in the next 48 hours. All variables are normalized and sanity checked(for
example, heart rate can not be negative, saturation of oxygen must be within 0 to 100, all tempera-
tures share the same units, etc.). The process left 176 time series variables. We pick 10 of them after
extensive feature selections. In addition, a mask is associated with each variable indicating whether
the value is missing and imputed or actually measured. Log base 24 is also applied to time intervals
between measurements. Therefore, there is a total of 30 features per time step. The dataset is split
to training, validation and test set, controlling both mortality rate length of stay.

4.1 VARIANCE SHAP AND TIME INTERVAL

To model the frequency of measurements, we simply handcraft features that represents the log time
interval from the last valid measurements. In this way, by checking the variance SHAP contribution
of these variables, we attempt to answer questions: how frequent we should measure a specific
clinical variable? Due to the size of the data, we randomly sample 8,000 patients from training set
as background. Figure |3| shows part of the results. Noticeably, we have also observed unexpected
patterns for systolic blood pressure measurements. The longer the time interval between two blood
pressure measurements, the lower prediction variance there will be.

4.2 AVOIDABLE AND MISSING MEASUREMENTS

For measured variables which contribute (either positively or negatively) little to both predicted risk
score and prediction variance, we define these measurements as potentially “avoidable measure-
ments”. For variables of which its missingness contribute significantly to prediction variance, we
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Contribution to Prediction Variance
by Time Interval between Two Measurements

Variance SHAP

log,4 (hours between measurements)

(a) Systolic blood pressure (b) Blood glucose level (c) Saturation of Oxygen (Sp02) (d) Temperature

Figure 3: Variance SHAP of measurement time interval. The x-axis are log time interval in hours
between two actual measurements. Log of base 24 is applied so that 1 means next measurement will
happen a day later and 0 means immediate measurements.

mark these measurements as potentially “should-have measurements”. The table below shows part
of the statistics of sampled test dataset at 72 hours length of stay. We expect to have a better un-
derstanding of when more variables and lab test results are included in the prediction and variance
explanation model.

5 DISCUSSION

We have acknowledged that there works pointing to the problems of SHAP values. For example,
Ismail et al.| (2020) points out that SHAP does not work well with time series models. However,
we didn’t observe SHAP attributions as chaotic as reported in [Ismail et al.| (2020) (on the same
MNIST dataset). Therefore, we did not apply the normalization technique of temporal saliency
mapping(TSR).

There are several limitations of this work. First, we are not able to find a fair baseline or ground truth
model to compare and validate the efficacy. Second, since the delta’s method is an approximation
of prediction variance, to gain more accurate estimations, it may be desirable to further expand
the Taylor series to include the second order derivatives.Last but not least, clinical validations and
further investigations are needed for

For future work, it is intriguing to study the reason behind abnormal patterns. Besides, since SHAP
value measure the difference between local feature contribution to expected output, looking into the
absolute value of variance contribution may also be helpful in clinical settings. Another potential
application is to search for potentially avoidable order of lab tests without compromising the quality
of care. Thus the cost can be reduced. This would be useful especially for pediatric care, where
frequent blood draws may bring more harm than benefits.

Avoidable and Should-have Measurements for ICU patients

variable #avoidable #existing % #should-have #missing %

Systolic BP 0 523 0.00% 709 1477 48.00%
Glucose 161 366 43.99% 640 1634 39.17%
Spo2 711 1811 39.26% 140 189 74.07%
Temperature 133 497 26.76% 542 1503 36.06%

Table 1: Avoidable and Should-have Measurements of Sampled patients at time = 72 hours
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A APPENDIX

A.1 EXPERIMENT DETAILS

Due to the page limit, we apologize for omitting some details. However, many questions can be
answered by our 8-page preprint papelﬁ on ArxivLiu & Srivastaval (2024). The paper and codes
were made availble on Github before this workshop deadlin

A.1.1 TRAINING

Since the integral of joint probability p(x, z) over the entire hidden space,

/p(x, 2')dz
z

, is intractable, variational are trained on evidence lower bound (ELBo), given by.

ELBo =lnpy(z|z,h)

— K Ldivergence[pg(z|x, h)||ps, ..., (h)] ®)

Maximizing EIBo is equivalent to minimizing L4 + L1, defined below. Subscription ¢ applies
to all variables above, hence is omitted.

The training of variational time series models shares similarities with variational auto encoders
(VAE)Rezende et al.[ (2014); Kingma & Welling (2013); [Sohn et al.| (2015): a Kullback-Leibler
divergence between posterior 6; and prior 6; ;o and a regularization loss on 6; . We adopt the
approach in o-Variational Auto EncodersRybkin et al.[(2021) such that:

Liia = K Ldivergence[pe, (2¢|x¢, he)|[Po, ,rior (Pt)]

po, (ze|we, he) ~ N (e, Bt) )
Pos prior (Zt‘ht) ~ N(Ut,priora Et,pv‘ior)

Lo_Nrr = NLL(%,24,1log(0)) (10)
log(a) = log(\/ (2 — x¢)?)

Notice that there are different ways of choosing a prior, depending on the specific problem settings.
These two losses are essential components for variational inference.

Additionally, we have the prediction or classification loss from the main task network and the re-
construction loss to train recurrent networks. M SE denotes the mean squared error.

Loy = Cross — Entropy(ye, yt)

11
‘Crecon = MSE((E},.’L}) ( )
Therefore the total loss per time step is given by the following equation.
L =L+ Lo— + L.
total kld NLL Lf (12)

+ £T'€CO7L + A‘Creg

Depending on whether a complete sequence can be seen at the time of inference, the loss may be
average over all the time step. Also, regularization terms L., may be appended to stabilize and
accelerate training. A controls the strength of regularization.

A.1.2 FEATURE SELECTION AND BASELINE MODEL
10 features with the least missingness rate are selected. They are:

¢ Diastolic blood pressure

2with a different name, to avoid potential breach of double-blind review rule.
3https ://github.com/kanbei7/VarianceSHAP_for_VRNN
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* Systolic blood pressure

* Arterial Mean blood pressure
* Fraction of inspired O2

¢ Glucose, blood

* Heart rate

¢ PH value, blood

* Respiration rate

* Saturation of Oxygen

* Body temperature

We have compared VRNN models trained on 10, 30, 50 and all time series features(176). No
significant performance gap was found when trained on the same random split with various number
of features. AUROC and AUPR are reported for 5 different 70 — 15 — 15 random splits (70%training,
15%validation, 15%test) for 10-feature VRNN, 30-feature VRNN in the following table{Z}

AUPR AUROC

expid 10-feature 30-feature 10-feature 30-feature
1 0.4183 0.4141 0.8194 0.8196
2 0.4158 0.4204 0.8196 0.8224
3 0.4104 0.411 0.814 0.8206
4 0.4149 0.4179 0.8226 0.8225
5 0.4178 0.4193 0.8236 0.8237
mean 0.41544 0.41654 0.81984 0.82176
median 0.4158 0.4179 0.8196 0.8224

std  0.00314531 0.00390551 0.00374540 0.00163799
t-test, two sided
p-value 0.5011 0.2095

Table 2: Base variational model performance on random split MIMIC-IV 48-hr ahead deterioration
prediction task.

A.1.3 MORE RESULTS

Notice that for the same clinical feature, different patterns of prediction SHAP - variance SHAP
exists, as shown in figd]

Prediction SHAP and Variance SHAP

Variance SHAP

Prediction SHAP
(a) Systolic blood pressure (b) Blood glucose level (c) Saturation of Oxygen (SpO2) (d) Temperature

Figure 4: Relation between the contribution to predicted mortality risk (prediction SHAP) and con-
tribution to prediction variance (variance SHAP)

We have observed unexpected patterns for blood pressure measurements. Notice that for blood
pressure, the zero score no longer falls into normal reference range. The average blood pressure of
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MIMIC-1V ICU population is well above the reference range. Therefore, the interpretation may be
different.

Diastolic Blood Pressure Systolic Blood Pressure

Variance SHAP
(Contributions to
prediction variance)

log,4(hours between measurements) log,4(hours between measurements)

Figure 5: Unexpected patterns of blood pressure. There exist negative correlation predicction vari-
ance and between time interval
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Figure 6: Unexpected patterns of blood pressure.

A.2 RELATED WORK
A.2.1 SHAPELY VALUES AND DEEPSHAP

Since the advent of SHAPLundberg & Lee|(2017); |[Lundberg et al.| (2020), it has been extensively
applied to many areas, such as geologyAl-Najjar et al.|(2023), financeGodin et al.[(2023));|Duan et al.
(2022) and healthcareChen et al.| (2022)); Lundberg et al.| (2018). Recently, SHAP values have been
applied to gaussian processChau et al.| (2023). The authors have shown that the variance of SHAP
value (which is necessary for inferences of gaussian process) is not the SHAP value of the variance
game(our focus in this paper). SHAP has also been combined with variational auto encoders (VAE)
to explain feature contributionsOlsen et al.| (2022); [Withnell et al.|(2021). We appreciate the beauty
of SHAP values since it is model agnostic and flexible to most type of model outputs. To take a step
further, if there exists a function calculating the variance of the prediction, SHAP methods can be
applied as well!

We also note that there are plenty of approaches other SHAP values, especially for time series
dataLim et al.| (2021); |Castro et al.| (2023); |Crone & Kourentzes| (2010); |Taieb & Atiya (2015).
However, as argued in the previous section, we claim that SHAP is the best fit for our case. Besides,
studies have shown several drawbacks of SHAP, noticeably with entangled time series featureslsmail
et al.[(2020). But as we shall see in later sections, with the power of variational time series models,
this defect is mitigated by the inference of independent hidden state variables and thus not a major
concern to our topic.
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A.2.2 PREDICTION UNCERTAINTY AND VARIANCE

The predicted probability score by machine learning models contains two sources of uncertainty,
aleatoric and epistemic uncertaintyHiillermeier & Waegeman|(2021));|Swiler et al.|(2009). While the
latter one comes from the uncertainty about model parameters, aleatoric originates from data and
unobserved factors. With aleatoric uncertainty and variance of prediction scores in focus, Bayesian
methodgGal & Ghahramani| (2016); |[Kendall & Gal| (2017); [Neal| (2012) and variational inference
methodsKingma & Welling (2013); Rezende et al.| (2014) become natural choices for estimating
prediction variance, with the assumption that hidden state random variables approximate the pos-
terior distribution of inputs. This fundamental assumption should hold true for every variational
generative model, for models to be fully effective. In this study we will focus on how to explain the
contributions of input clinical features to prediction variance.

A.2.3 EXPLAINABLE Al FOR TIME SERIES IN HEALTHCARE

In an application area like healthcare, explainability and interpretability are a crucial features to build
trustworthy machine learning and Al applications. |Di Martino & Delmastro| (2022) has a nice sum-
mary of recent development of recent Explainable Artificial Intelligence(XAl) in healthcare. SHAP
values is the dominant approach in recent studies about explainable healthcare machine learning
modelsAng et al.| (2021); |Ukil et al.| (2022),. While few studies have focused on explaining deep
learning model§Withnell et al.| (2021);|Oviedo et al.| (2019)), fewer studies have focused on explain-
ing time series in healthcareLundberg et al.| (2018)); [Ivaturi et al.| (2021). The most related work is
that |Withnell et al.| (2021]) propose to use variational auto encoders to study multi-omics data for
cancer diagnostic. However, to the best of our knowledge, we are the first to study contributions
of prediction variance and the first to attempt to study the relation between variance SHAP and the
frequency of variable measurements.

A.3 MNIST AS AN EXAMPLE

We verify our proposed method by training a unidirectional variational recurrent neural network on
MNIST. The training took 10 epochs and achieved an accuracy of 98%. Details are provided in the
Jupyter notebook.Figurd7|8][9 compare (a)SHAP values of predicted class probabilities, (b) Variance
of the prediction SHAP, (c)(proposed)SHAP value of prediction variance attribution. The first thing
we noticed is that as expected, the attribution of variance and prediction do not coincide. Namely
the model can be very confident on the prediction with a high predicted probability score(high score
with low variance), or the model can be sure that the input instance is not one of the target class (low
score with low variance). Vice versa, there could be the case where high score and high variance co-
exist. Additionally, as a note to the discussion in related work, we didn’t observe SHAP attributions
as chaotic as reported in Ismail et al.| (2020) (on the same MNIST dataset). Therefore, we did not
apply the normalization technique of temporal saliency mapping(TSR).

@
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Figure 7: Prediction SHAP value.
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