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Abstract

Missing data is prevalent in the context of scientific databases, arising from measurements failures, partially
manually filled data, and other reasons. Missing data may adversely affect scientific analytics and needs to be
dealt with, in a process referred to as data imputation. Standard techniques for data imputation either incur
loss of data, introduce errors, or require significant manual labor to complete the values. In this paper we put
forward a novel approach, that guides the data imputation process by adapting and extending a recently emerging
technique for explainable computation, namely attribution. Attribution involves assigning importance scores
to individual data items based on their contribution to the computation result, and concrete notions of such
scores have been extensively studied in recent years based on measurements from game theory such as Shapley
and Banzhaf values. Our observation is that these attribution scores are valuable not only for explaining the
computation but also, in presence of missing values, for guiding data imputation in the sense of deciding what
data to compute and what resources to allocate for it. We present the approach as well as a concrete use case in
the domain of medical data, and highlight multiple directions for future research.
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1. Introduction

This paper describes a novel approach for guiding data imputation in the context of scientific analysis.
We start by recalling the problem of missing data in scientific analysis, highlighting the main challenges.
We then briefly overview existing approaches for data imputation and their limitations. We follow with
a description of notions of attribution and importance scores and then describe our high-level approach
towards a solution.

Missing Data in Scientific Analytics Scientific studies typically involve the analysis of data that
comes from various sources, and is often incomplete or difficult to obtain. Missing data (NULLs) can
significantly affect the computation and the analytics results on one hand, but maybe difficult or even
impossible to complete on the other hand.

Example 1.1. We will use as an example the case of retrospective medical data analysis, where data in
retrospective studies often contains missing information. Leading causes of incomplete data include:
patient failure to show up for appointments, physician work-overload leading to incomplete data
notation, and lack of healthcare resource availability.
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Data Imputation Techniques To overcome the challenges posed by missing data and to nevertheless
perform analytics, multiple approaches have been developed which generally fall under the term data
imputation [1, 2]. There is a large body of techniques on data imputation, including listwise deletion
(namely, ignoring/deleting the entire tuple), manual curation of the missing values, algorithmic and
ML-based completion mechanisms. Each of these techniques is inherently imperfect: listwise deletion
comes with the cost of losing information (in particular with respect to values in other attributes of
the same tuple), which may be prohibitively wasteful; automatic imputation (e.g. using regression,
K-nearest Neighbors, etc.) is inherently imprecise; and manual labor is costly.

Example 1.2. A particular use case of interest is that of rare disease analysis. By definition, such
analysis needs to deal with a scarcity of data even in the absence of NULLs, and as such listwise deletion
of tuples in which a particular value is absent, is highly problematic. Since there is too few data, the
analysis is also highly sensitive to each individual data value, and as such errors in automated data
imputation may have significant effects on the analysis results. Manual curation and case-by-case data
completion through contacting the medical staff may be possible, but is labor-intensive.

Ideally, we would like a way to identify which of the cells where data is missing are most important
for the analysis purposes, and focus the imputation efforts on these cells.

Attribution for Explainable Analytics In the context of Machine Learning models, and recently also
in that of database query evaluation, a prominent approach is that of attribution. Namely, one assigns a
score to each feature (in Machine Learning) or input tuple (in databases) reflecting its contribution to
prediction/query results. The measures used are typically ones that have been proposed in the context
of game theory, namely Shapley [3] and Banzhaf[4, 5] values. In a nutshell, these measures aggregate, in
different ways, the marginal contribution of each player to every subset of players (coalition). To apply
them in different contexts such as database queries and ML models, one needs to define the players and
the game value function. For instance, for database queries, the tuples are players and the query result
is the game value function; for ML prediction, the players are features and the prediction result is the
game value function. Similar applications of these measures have been successfully employed in other
contexts.

Our Approach We propose a novel approach for leveraging attribution for targeted data imputation,
which we next describe at a high-level. In query evaluation, as explained above, attribution helps us
identify which tuples are most important for query results. The high-level idea is that these attribution
scores are potentially highly useful for data imputation: as explained above, the “budget” for high-quality
data imputation is typically limited, because it typically requires extensive manual labor. Via attribution,
we can identify which of the tuples in which some of the values are missing, are most useful for the
analysis, and allocate resources for imputing these values.

Example 1.3. As an extreme example, some tuples (e.g. particular examination results) may be filtered
out early on in the analysis and have no effect over the query result. Asking experts to impute NULLs
in these tuples would be wasteful. Even if a particular tuple ¢ is not filtered out, there may be many
alternative tuples to ¢ that yield the same result, in which case the contribution of ¢ is less significant
than in the absence of such alternatives.

An analysis of the above flavor focuses on database tuples. By contrast, data imputation typically
focuses on cells where NULLSs currently stand instead of values. When we guide cell imputation based
on importance of tuples, we lose in granularity.

Example 1.4. A tuple as a whole may be important, but the query may then project out its NULL
attribute. As another example, if the query involves arithmetics, then it may e.g. perform a weighted
average of attributes and then use it for decision making.



This requires a fine-grained analysis that is cell-based. To our knowledge, cell-based attribution has
not been studied in the context of query evaluation. However, it is closely related to attribution methods
commonly used in machine learning, in particular feature importance techniques such as SHAP [6].
The technical challenge in shapley- (or banzhaf-) based analysis where players are features/cells is that
the game value function cannot be computed directly: a model may not be run on a subset of features
and a query may not be executed on a subset of cells. SHAP addresses this by defining the game value
function for a subset of features as the model’s prediction when missing features are filled in using a
background distribution. We explore in this paper ways to adapt this idea to the setting of cell-based
explanations to query results.

Contributions and scope of this paper This short paper puts forward the novel approach of using
attribution to guide data imputation; it presents a cell-based attribution model and a sampling-based
algorithm to attribution computation; and it outlines a potential concrete use-case in the domain of
retrospective medical data analysis with missing data.

An implementation of our proposed approach, its deployment for the particular use-case we describe
and others, and experimentation are left as future work and are beyond the scope of this paper.

2. Preliminaries

We next overview necessary preliminaries on databases, queries, data imputation and attribution.

Database and Queries A relational database D consists of a finite set of relations {R1, ..., R}
Each relation R has a fixed schema schema(R) = (A1, ..., Ax). A database instance is a mapping of
each relation R to a finite set of tuples over its schema. A query () maps a database instance D to a
Boolean or numeric value (D). For queries that return a relation, we instead consider the residual
query (Q;, which asks whether a tuple ¢ appears in the output.

Example 2.1. Figure 1 presents a database of medical test information for different patients. The tests
are stored in two relations, namely blood tests and eye tests. In addition, the database stores the weights
of four linear models in the ClassificationCoefficients relation. The figure also presents a SQL query )
that encodes the linear classifier and returns the patients who “pass” it.

Missing Values Databases often contain missing values, for instance when patients fail to provide
some information or when some test result is undocumented. These missing values are captured by
NULLs. Analysts may treat NULLs by applying the standard three-value logic for SQL evaluation,
essentially treating the NULLs as unknown values. Alternatively, one may impute NULLs. An im-
putation function Z maps a database instance D with NULLs to a complete instance Z(D) without
NULLs. Common approaches include listwise deletion (i.e. deleting the tuple), completing NULLSs
using the mean/median/most common value occurring in this attribute, performing regression, iterative
imputation approaches, imputation based on some learned distribution, and others.

Example 2.2. Consider again the database in Figure 1. Consider an imputation function Z that fills
each numerical (categorical) cell with the average (most common) value in the corresponding attribute.
Consider the tuple in relation ‘EyeTest’” annotated by e3, with a missing “Vision’ attribute. Z completes
this value to be the mean value for the attribute, namely 0.73. Consider now the tuple in relation
‘BloodTest” annotated by by with a missing “Type’ attribute; Z may fill in this value with the most
common value, ‘A’. Eventually, Z(D) returns a database without missing values D.

Shapley Values Given a finite set of players A, A cooperative game is defined by a characteristic
function v : P(A) — R, such that v(()) = 0. The value v(S) represents the total gain created by the
subset of players S (a "coalition"). The Shapley value [3] then aims to measure the fair share of each
individual player a € A in the total gain v(A) for the cooperative game v(A).



BloodTest EyeTest ClassificationCoefficients(exo)

Patient(exo) Type Hem Chol Patient(exo) | Vision Field Type | C:Hem | C:Chol C:Vision C:Field
b1 P1 B 1.9 12 e1 P1 1 0.8 c1 A 0.25 0.4 0.2 0.15
bo P2 A 0.7 1.4 e2 P2 0.8 NULL co B 0.4 0.3 0.1 0.2
b3 P3 A 12 NULL e3 P3 NULL 0.6 c3 AB 0.4 0.2 0.1 0.4
by P4 NULL 0.8 0.6 eq P4 0.4 0.6 cy [¢] 0.1 0.1 0.3 0.5

Query Q (Patient Classification)

SELECT DISTINCT Patient FROM BloodTest JOIN EyeTest USING(Patient) JOIN ClassificationCoefficients( USING(Type)
WHERE (Hem - C:Hem + Chol - C:Chol + Vision - C:Vision + Field - C:Field) > 1

Figure 1: Example of a database of medical tests and a query classifying patients. Each tuple is annotated with
a lineage variable. Missing values are marked by NULL. Exogenous tables or attributes are marked by (exo).

The Shapley value of a player a is defined by taking the expectation of the marginal contribution of
a to coalitions form as we sample a random order of players.

Shapley(A,v,a) & Y~ |BI! (|A||A!|B — ! (v(B U {a}) — v(B))

BCA\{a}

Shapley values capture the marginal contribution of a for each set, multiplied by |B|! - (JA| — |B| — 1)!
which is the number of permutations of A such that a comes after B and before (A \ {a}) \ B.

3. Attribution Model for cells in Query Answering

We next present a simple attribution model for cells, based on SHAP-like scores.

3.1. SHAP-like scores for cells

To quantify the contribution of individual missing values to a query result using Shapley values, we
model the database cells (i.e., individual attribute values) as players in a cooperative game. The game
value is defined as the output of the query ). The challenge is that, by contrast to the classic settings
where players are tuples (and then a subset of tuples is simply a sub-database and the query semantics
w.r.t. it is readily defined), here it is unclear what it means to evaluate the query on a subset of cells. To
this end, we define the semantics as follows. Whenever the Shapley value formula requires the query
result for a specific subset of cells, we treat all cells outside this subset as NULLs. We then apply a
(black-box) imputation function to fill in these missing values, and finally evaluate the query on the
completed database.

Concretely, let D be a database, let R be a relation with attributes Schema(R) = {41, A, ..., An}.
Let t € D be a specific tuple in R. We denote the value of the cell corresponding to A; in ¢ by ¢.j. We
partition the database D into endogenous cells and exogenous cells denoted by D,,, and respectively D,
such that D = D,, U D,. Endogenous cells are those for which we want to measure their importance,
where Exogenous cells are treated as constants of the database. This is analogous to the concept of
endogenous and exogenous tuples presented in prior work [7, 8]. We then define:

Definition 3.1 (Cell Shapley Value). Let D = D, UD,, be a database, () be a query, t.c be an endogenous
cell in a tuple ¢, and 7 be an imputation function. The Shapley value of t.c w.r.t. Q, D, 7 is:

Shapley(Q, Dy, Dy, T, t.c)

> Cp- [QE(PU{t.c}UD,)) - QIZ(PUD,)) (1)

PCD,\{t.c}

Where C|p| is the Shapley coefficient. For non-deterministic imputation functions, the Shapley value is
defined as the expectation of Equation 1 over the imputation distribution.



Example 3.2. Consider the database D and the residual query of (), of the query () from Figure 1
and consider computing the Shapley value of the cell b;.Hem. To this end, consider an imputation
function that replaces each attribute with its mean, and each categorical value with its most common
value. We demonstrate the computation for the subset of endogenous cells P = {b;.Chol, e;.field}.
The imputation function completes b;.Type with the most common value ("A’) and e;.Vision with the
mean (0.6). The resulting query value is @, (Z(P U D;)) = 0. When adding b;.Hem to P, we get
that Qp, (Z(P U bi.Hem U D)) = 1. The marginal contribution (1 — 0 = 1) is then weighted by
the Shapley coefficient. The final value is the weighted average of these contributions across all such
subsets of endogenous cells.

3.2. Importance scores for NULL-valued cells

We next extend our definition of cell-based attribution to further quantify the importance of cells with
missing (i.e. NULL) values. The definition is geared towards prioritizing cells to be imputed. Intuitively,
a NULL should be prioritized if its possible underlying values lead to widely divergent results. When
only one NULL affects the result, we could compute statistics about the query result when its value
is drawn from the distribution, compared to its value under the imputation function. However, when
many NULLS exist, comparing the effect of those NULLS becomes a more complex task. To analyze such
cases, we assume the existence of a joint distribution {2 governing the missing values. Such distribution
could be acquired using domain knowledge, or learned based on existing database values; if we have
no sufficient such information, one may use the uniform distribution and then the attribution is still
informative yet is based solely on the structure of the query.

We are now ready to define the ShapVar score of NULL-valued cells as the variance of their Shapley
values over the distribution 2.

Definition 3.3 (ShapVar score). Let D be a database, () a query, Z an imputation function, t.c a
NULL-valued cell in D, and €2 a joint distribution over all NULL-valued cells in D. We define:

ShapVar(t.c,Q, D) = vary, t.CNQ(D)(ShapIey(Q, D,Z,tc))

where var is the variance, D is a complete database instance sampled from €2, and Shapley(-) is the
cell-level score defined in Equation 1 when only the NULL cells are endogenous.

Example 3.4. Consider again the database and query from Fig. 1, this time with the residual query
Qp, for the tuple py. Assume the NULL value in cell ez. Fiield is distributed uniformly over [0, 1], and
suppose the imputation function assigns its mean value. For every possible value of es. Fiield, patient
p2 passes the classification test. Thus, replacing the imputed value with any realization yields zero
marginal contribution, and hence ShapVar = 0.

Now consider the classification of patient p3. There are two relevant NULL values, b3.C'hol and
es.Vision. Assume their distributions are independent and uniform in the ranges [0.5, 2] and [0.5, 1]
respectively. We can numerically compute the ShapVar score by sampling from this distribution and
computing the Shapley values. We get that the ShapVar score of b3.Chol and e3.Vision are 0.18 and
0.02, respectively. Intuitively, this is because b3.C'hol ranges over broader values and has a higher
coeflicient in the classification test.

3.3. Computational Aspects

Computing the cell Shapley value poses significant computational challenges. Naively, its definition
requires considering exponentially many subsets of cells, and evaluating the imputation function and
query on each such subset. Even when query evaluation and imputation are efficient, this combinatorial
explosion renders exact computation infeasible in general. Nevertheless, prior work on Shapley value
computation in databases and ML suggests that computation may be tractable in many practical settings.
For database tuples, techniques based on lineage, factorization, and knowledge compilation have been



used to avoid explicit enumeration of subsets [9, 10, 11]. For SHAP scores, sampling and model based
approximations were shown to work well in practice [12, 6, 13]. These complementary lines of work
indicate that similar strategies could be adapted to the cell setting. In particular:

Proposition 3.5. Let () be a query and Z an imputation function, both computable in polynomial time
with respect to the size of the database D. Then, the cell Shapley value Shapley(Q, D,Z, t.c) admits a
Fully Polynomial-time Randomized Approximation Scheme.

We leave for future work the development of approximation schemes for ShapVar and the identifica-
tion of tractable fragments for exact computation.

4. Use Case: Rare Disease Treatment Planning

More than ten thousand conditions fit the definition of a rare disease, affecting approximately 300-
400 million people worldwide. Due to small sample sizes and logistic constraints, perfect data or
randomized controlled trials are unlikely to be performed for most of these conditions; thus, actionable
information may be most likely to be obtained from existing retrospective data and meticulous analysis
of treatments across patients [14]. However, data collected from retrospective studies often contains
missing information, due to e.g. patient’s failure to show up for appointments, physician work-overload
leading to incomplete data notation, and lack of resource availability. These imperfections, compounded
with the fact that the disease is rare, lead to a paucity of quality data. In turn, missing data poses
significant challenges that complicate data analysis and the derivation of conclusions such as treatment
guidelines.

Existing Data Imputation techniques do not adequately address the challenges posed by missing data
in this context. Automated data imputation is based on statistical estimation of the missing values and
is inherently imprecise. Coupled with the small amount of data and the high stakes associated with
the analysis, statistical errors are especially harmful. Manual curation, on the other hand, is highly
laborious, especially in the context of retrospective studies, where reaching out to the patients for
questions regarding the missing data may be costly or even impossible.

A particular medical question of interest is that of deciding the optimal treatment for optic neuritis
(ON), a rare, yet potentially blinding, inflammatory disorder of the optic nerve. ON most commonly
presents in the context of multiple sclerosis (MS), Neuromyelitis Optica Spectrum Disorder (NMOSD),
and Myelin Oligodendrocyte Glycoprotein Antibody-Associated Disease (MOGAD). Most MS-ON cases
respond well to intravenous methylprednisolone (IVMP) with excellent visual outcomes, whereas
NMOSD-ON and MOGAD-ON are frequently associated with severe, permanent visual loss [15, 16, 17].
The common treatment algorithm for ON is based on retrospective case series, often containing missing
data. Such missing data lead to treatment-algorithm distortions by preventing the correct prediction of
which MS-ON will not have a good visual outcome, which NMOSD-ON patient is rapidly responding to
steroids and may not require immunoadsorption, etc.

This particular use case is expected to benefit significantly from our approach of importance-guided
data imputation, which allocates costly imputation efforts only to data cells that materially affect the
analysis. As a simple example, if a particular patient is excluded from the analysis, then naturally there
is no need to contact the clinic to complete missing information regarding their treatment. Importantly,
different patients included in the analysis differ in their level of influence on the analysis result; for
example, a patient with MS-ON with missing data will affect the analysis less than a patient with
NMOSD with missing data, because NMOSD-Optic neuritis is a very rare condition, while MS-ON is
more common with a wealth of data for this disorder.

We intend to deploy our solutions using a retrospective clinical database of 70 patients treated for
acute demyelinating ON with documented 3-6 month visual outcomes. To assess factors affecting final
visual outcome, we will collect: (1) visual acuity at nadir; (2) time from vision loss to IVMP initiation;
(3) visual acuity at 5 + 2 days; (4) visual acuity at 30 £ 7 days; (5) visual acuity at 3—6 months (main
outcome); (6) antibody status at 2 weeks, when escalation therapy decisions are made. Additional



covariates include age, sex, and escalation therapy use. The database contains missing values, such as
visual acuity at critical time points and delayed antibody test results. We expect the study to (1) provide
insight into the quality of our measures and algorithms and (2) support improved approaches to ON
treatment. Implementation and experimentation are ongoing.

5. Conclusions

We have presented a novel approach for guiding data imputation using attribution in query answering,.
While attribution has been used for explanations, we demonstrate a novel application of it, for imputation.
In this context, we have identified a need to extend attribution solutions to account for the granularity
of cells rather than tuples, and have introduced a novel attribution model to this effect. We have then
presented a concrete use case for data imputation in the context of medical data analysis where some
data is missing. This is ongoing work and we plan to implement algorithms for cell-based attribution as
well as a solution that leverages these algorithms for guiding data imputation. We further intend to
deploy these solutions in the context of medical data analysis in line with the outlined use-case.
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