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Skyline queries are popular and effective tools in multi-criteria decision support as they extract interesting
(pareto-optimal) points that help summarize the available data with respect to a given set of preference
attributes. Unfortunately, the efficiency of the skyline algorithms depends heavily on the underlying data
statistics. In this paper, we argue that the efficiency of the skyline algorithms could be significantly boosted if
one could erase any attribute correlations that do not agree with the preference criteria, while preserving
(or even boosting) correlations that agree with the user provided criteria. Therefore, we propose a causally-
informed selective de-correlation mechanism to enable skyline algorithms to better leverage the pruning
opportunities provided by the positively-aligned data distributions, without having to suffer from the mis-
alignments. In particular, we show that, given a causal graph that describes the underlying causal structure of
the data, one can identify a subset of the attributes that can be used to selectively de-correlate the preference
attributes. Importantly, the proposed causal search for skylines (CSS) approach is agnostic to the underlying
candidate enumeration and pruning strategies and, therefore, can be leveraged to improve any popular skyline
discovery algorithm. Experiments on multiple real and synthetic data sets and for different skyline discovery
algorithms show that the proposed causally-informed selective de-correlation technique significantly reduces
both the number of dominance checks as well as the overall time needed to locate skyline points.
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1 Introduction
Skyline queries are popular and effective tools in decision support. Intuitively, a skyline query
extracts interesting (pareto-optimal) points that help summarize the available data question with
respect to a given set of preference attributes, providing insights into the diversity of the data across
these attributes. Given a set, 𝐷 , of data points in an attribute/feature1 space, 𝐴, and a set, 𝑃 ⊆ 𝐴
of preference attributes, the skyline of 𝐷 consists of the subset of points that are not dominated2

1We use the terms "attribute", "feature", and "variable" interchangeably.
2A point dominates another point if it is as good or better in all preference attributes, and better in at least one attribute.
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Fig. 1. Running example: skylines for house hunting

by any other data point in 𝐷 [13]. Searching for such non-dominated data is valuable in many
applications that involve multi-criteria decision making [53].

Example 1 (House hunting). Let us consider a user who aims to identify a subset of homes in the
market with low Price and low Commute. This task can be formulated as searching a non-dominated
subset of houses in the market with respect to the preference attributes, 𝑃 = {Price, Commute} and the
corresponding preference criteria, Θ = {𝜃Price, 𝜃Commute}, where 𝜃Price =𝑚𝑖𝑛 and 𝜃Commute =𝑚𝑖𝑛. ○

Based on these specifications, any house that is in the skyline subset will either have a lower
Price or lower Commute than all the other houses in the data set; in other words, the user cannot
find any houses that are not in the skyline but have both lower Price and lower Commute than
the houses in the skyline. In Figure 1(a), the shaded area indicates the dominance region of the
house 𝑏: for any house in this preference range, the house 𝑏 is either cheaper or has lesser commute.
Therefore, 𝑏 can be said to be more useful (with respect to the preference criteria) than all houses
that it dominates.

1.1 Challenge: Impact of the Data Distribution on Skyline Discovery Performance
As we will further discuss in Section 2, in the literature there are several algorithms developed for
identifying skyline data sets. These include nested-loop skylines [13], sort-first skylines [18], and
index-supported skylines [56]. Intuitively, all of these algorithms rely on an enumerate-and-prune
strategy: they enumerate candidate skyline objects in the data set and they use dominance-checks
to prune-away those objects that should not be included in the skyline set. The primary goal of
these algorithms is to enumerate the skyline candidates in such a way that, the data set can be
pruned away in the most efficient manner (i.e., using the fewest dominance checks and with the
least amount of memory to store the candidate objects). Unfortunately, the efficiency of the skyline
algorithms depends heavily on the underlying data statistics: as illustrated in Figure 2, for data sets
where the attribute correlations mirror the corresponding preference criteria (positively-correlated
attributes for max-max and min-min preference criteria and negatively-correlated for max-min and
min-max criteria), the number of skyline objects are fewer; whereas for data where the attribute
correlations are mis-aligned with the preference criteria, the skyline set may contain large numbers
of non-dominated data objects.
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Fig. 2. Impact of the alignment between data distribution and preference criteria: in (a) the dominance region
is determined by a few extreme points, whereas in (b) there are a large number of skyline points on the Pareto
front
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Fig. 3. Impact of clustering on the (a) confounder Z: (b) within each cluster, the correlation between 𝑋 and 𝑌
is close to zero, and (c) seeking the skyline among the merged Pareto fronts (orange dots) across clusters is
much less expensive, as many tuples have already been pruned

More critically though, when data correlation is mis-aligned with the preference criteria, it
becomes especially difficult to enumerate the data objects in a way that helps prune non-skyline
objects without having to rely on large numbers of explicit dominance checks. As a result, the
cost of enumerating skylines explodes in situations where there is a mis-alignment between the
preference criteria and the underlying data distribution. In this paper, we point out that we can
potentially exploit underlying causal structures in the data to optimize skyline computation. In
Figure 3(a), attribute 𝑍 causally influences both 𝑋 and 𝑌 , creating an apparent correlation between
them and, since the preference criterion is max-min, the resulting misalignment would render the
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skyline search expensive as we see in Figure 2(b). As we discuss in Section 3.2, clustering on 𝑍

would reduce the correlation between 𝑋 and 𝑌 within each cluster to approximately zero, making
the skyline computation for each cluster much less expensive (Figure 3(b)). If we then merge the
resulting per-cluster pareto fronts and seek the skyline of the merged set, since the number of
considered tuples in the merged set is far smaller than in the original data set, the negative impact
of misalignment on the cost of the skyline search can be significantly reduced (Figure 3(c)).

1.2 Our Contributions: Causally-Informed Selective Data De-Correlation
As outlined above, in this paper, we argue that the efficiency of the skyline algorithms could
be significantly boosted if one could erase any attribute correlations that do not agree with the
preference criteria (i.e., negatively-aligned data distributions), while preserving (or even boosting)
correlations that agree with the user provided criteria (i.e., positively-aligned data distributions).
If such selective de-correlation were possible, the skyline algorithms would benefit from the
effective pruning opportunities provided by the positively-aligned data distributions, without
having to suffer from the mis-alignments. In the rest of the paper, we show that this challenge can
be tackled effectively in situations where we have a priori causal-knowledge3 that explains the
underlying data distributions. In particular,
● we show that, given a causal graph that describes the underlying causal structure of the data,
one can identify a subset, 𝒵 , of the attributes that can be used to selectively de-correlate the
preference attributes and
● since positively-aligned attribute pairs are desirable for efficient skyline discovery, whereas
negatively-aligned attribute pairs need to be avoided, we present an algorithm to select a subset,
𝒵−, of attributes that can be used to de-correlate the negatively-aligned preference attributes.
Importantly, the proposed causal search for skylines (CSS) approach is agnostic to the underlying

candidate enumeration and pruning strategies and, therefore, can be leveraged to improve any
popular skyline discovery algorithm, including (but not limited to) nested-loop skylines [13], sort-
first skylines [18], index-supported skylines [56], as well as more advanced skyline algorithms, such
as 𝑘-dominant skylines [15]. In Section 7, we experimentally evaluate the proposed causal-skyline
approach on multiple real and synthetic data sets and for different skyline discovery algorithms.
Experiment results show that the proposed causally-informed selective de-correlation technique
significantly reduces both the number of dominance checks as well as the time needed to obtain
the skyline.

2 Related Works
Skyline queries are commonly used in multi-criteria decision making [4, 24, 48, 60, 65]. In [48],
authors use skylines to find the best clustering of data. [4] uses skyline queries to generate recom-
mendations based on user preferences. Due to their ability to reduce the volume of data within the
context of a user provided preference criterion, the task of processing skyline queries in an efficient
manner has attracted considerable attention. The task of finding the non-dominated set of data
points was attempted by Kung et al. in 1975 under the name of the maximum vector problem [29].
The algorithm proposed in [29] is based on the divide and conquer principle. Kung’s algorithm
lead to the development of various skyline algorithms designed for specific situations, including
those devised for static environments [13, 59], high dimensional data sets [38] and parallel environ-
ments [25, 54, 58, 62]. It also inspired novel skyline algorithms for progressive skyline queries [56],
online processing [28, 31, 42], skyline-join queries [40, 55, 59] and data streams [34, 57, 64].
3When such causal knowledge is not available, we can rely on causal discovery algorithms [17, 51, 52] to learn causal graphs,
as shown in Section 7.2.5.
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Borzsonyi et al. [13] were the first to coin and investigate the skyline computation problem in
the context of databases. The authors extended Kung’s divide and conquer algorithm so that it
works well on large databases. They proposed a Block-Nested-Loops (BNL) algorithm, which keeps
an in-memory window of incomparable points and reports a point as a skyline result only if it is
not dominated by any other point in the database. They also proposed a divide and conquer based
algorithm, which divides the data space into several regions, calculates the skyline in each region,
and produces the final skyline from the points in the regional skylines.
The Sort-Filter-Skyline (SFS) algorithm [18], which is based on the same principle as the BNL

algorithm, improves on performance by first sorting the data according to a monotone function.
Bartolini et al. also developed a sort-based skyline technique called the Sort and Limit Skyline
algorithm (SaLSa) that uses the idea of presorting input tuples to limit the number of tuples read and
compared during skyline query processing [8]. Tan et al. proposed progressive skyline algorithms
called bitmap and index [56]. The bitmap method is completely non-blocking and exploits a bitmap
structure to quickly identify whether a point is a skyline result or not. The index method, on the
other hand, exploits a transformation mechanism and a B+-tree index to return skyline points in
batches. Other contributions to skyline query processing include online algorithms, such as [28]
and [42], based on nearest-neighbor search. Bentley et al. developed the Fast Linear Expected
Time (FLET) algorithm [11] which improved upon Kung’s divide and conquer based algorithm
by probabilistically eliminating points which cannot be part of the skyline. Godfrey et al. [21]
demonstrated that the performance of Kung’s divide and conquer based approach is poor with
respect to the dimensionality of the problem. They also introduced the Linear Elimination Sort for
Skyline (LESS) algorithm which combines aspects of BNL, SFS, and FLET, without any aspects of
divide and conquer approach.

Park et al. proposed a mechanism for parallel processing of skyline queries to exploit multicore
processors [43]; the authors also proposed a parallel version of the BBS algorithm. Lee et al. [30]
proposed an index structure called ZBtree to index and store data points based on the Z-order
curve. They also developed several skyline algorithms that utilize the ZBtree index to efficiently
process skyline queries. Huang et al. [25] also proposed a parallel skyline algorithm for multi-
processor clusters that utilizes Z-order clustering to reduce dominance checks. Shang et al. examined
the skyline operator in the context of anti-correlated distributions [49]. The authors proposed a
probabilistic cardinality model for anti-correlated distributions and analyzed the upper and lower
bounds of the expected value of skyline cardinality. They also developed an algorithm called SOAD
(Skyline Operator on Anti-correlated Distributions) that effectively eliminates non-promising points
based on a determination and elimination framework.
There has also been significant work on estimating the cardinality of skyline sets. [7] analyzes

the distribution of admissible pareto-optimal points and [12] investigates the expected number of
maximal vectors in a set, providing insights into the average-case of skyline cardinality. [16, 66]
proposed skyline cardinality estimation methods using log-sampling (LS). [66] introduced a non-
parametric kernel-based (KB) skyline cardinality estimation technique which improves upon the
log-sampling (LS) method and does not depend on the assumption that the preference attributes
have to be independent of each other. [36] introduces a so-called purely-sampling based approach
(PS), that does not involve complex mathematical computations and, hence is more efficient than
KB. One of the more recent works in skyline cardinality estimation is [39], which outperforms the
previous state-of-the-art including [16, 36, 66].

3 Preliminaries
This section introduces the key concepts and provides preliminary formalisms we will utilize in
the rest of the paper. We assume that the reader is familiar with basic concepts in skylines (such
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Fig. 4. Three basic causal structures

as tuple dominance) and causal graphs (such as a causal path and a confounder). The extended
version of this paper [37] provides a quick refresher.

3.1 Causal Graphs and Skylines
Causality is the relationship between the effect (outcome) and cause (treatment) that gives rise to
it [46] and is a topic of increasing interest in big data analysis [5, 20], machine learning [26, 35], and
reinforcement learning [6]. Among others [32, 33, 50], Pearl has shown that a priori knowledge, in
the form of causal graphs, is critical in analyzing and managing data [45].

Definition 1 (Causal Graph). Let 𝐷 be a data set defined in an attribute space, 𝐴. A causal
graph, 𝐺𝐴 = (𝑉𝐴, 𝐸𝐴, 𝜆), corresponding to the attribute set 𝐴 is an edge-labeled directed acylic graph
(DAG), where for each attribute 𝑎𝑖 ∈ 𝐴, there is a vertex 𝑣𝑖 ∈ 𝑉𝐴 and each edge 𝑒ℎ = ∐︀𝑎𝑖 , 𝑎 𝑗 ̃︀ (or 𝑎𝑖 → 𝑎 𝑗 )
indicates a known direct causal relationship between the attributes 𝑎𝑖 and 𝑎 𝑗 and the edge label 𝜆(𝑒ℎ)
indicates the nature of the causal relationship between the two attributes.

Figure 4 presents three basic causal structures introduced in [45]: (a) a chain structure where 𝑎
causally affects 𝑐 through its influence on 𝑏 (here 𝑏 is referred to as a mediator); (b) a fork structure
where 𝑏 is the common cause of both 𝑎 and 𝑐 (note that, in this case, 𝑎 and 𝑐 are likely dependent
but there is no causation between them); (c) a collider structure where both 𝑎 and 𝑐 independently
cause 𝑏. In this paper, we note that, in the context of skylines, these causal structures underlying
the data may introduce statistical dependence among preference attributes:

Example 2 (Weakening or Strengthening of Relationships among Preference At-
tributes). Let us reconsider our house hunting running example, with preference attributes Commute
and Price. Let us further assume that the causal graph underlying the data is as depicted in Figure 1(b).
As we see in this example, there is a direct (negative) causal relationship between the preference at-
tributes, Commute and Price – more commute generally translates into lower house prices. In addition,
there are also several indirect contributors to the relationship between these two preference attributes:
● The Distance_to_city_center attribute has a direct causal impact on both Price and Commute
attributes (and therefore is a confounder): if we consider a city (like London), where house prices
in the city center are higher due to housing density and that most of the commutable jobs are also
located in the city center, the Distance_to_city_center attribute would contribute additional
negative correlation, strengthening the existing negative correlation between the Price and Commute
attributes.
● In contrast, the Scenic_quality attribute impacts both Commute and Price positively as houses
with scenic views generally have longer commutes and they also tend to be more expensive than the
other houses. Note that this attribute weakens the negative correlation between the two preference
attributes. ○

3.2 Conditioning and De-Correlation
Conditioning is the act of clustering the data entries that share the same value for a given (set of)
attribute(s).
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Fig. 5. (a,b) The fork attribute 𝐴 imposes negative correlation on attributes 𝑋 and 𝑌 ; (c,d) conditioning of the
attribute 𝐴 creates multiple clusters of data points, each cluster lacking any negative correlation; in (e), we
highlight two of these resulting clusters in red and green

Definition 2 (Conditioning). Let 𝐷 be a data set and let 𝑎 ∈ 𝐴 be an attribute. Let 𝐷𝑜𝑚(𝑎) be
the domain of this attribute.

𝑐𝑜𝑛𝑑(𝐷,𝑎) = {(𝑣, 𝐷𝑣) ⋃︀ (𝑣 ∈ 𝐷𝑜𝑚(𝑎)) ∧
(𝑡 ∈ 𝐷) ∧ (𝐷𝑣 = {𝑡 .𝑎 = 𝑣})}. ◇

In SQL, this corresponds to a GROUP BY operation.
In this paper, we note that the process of conditioning can have impact on the statistical dis-

tribution of the values for the remaining attributes. For instance in the chain and fork structures
conditioning on 𝐴 can eliminate any statistical dependence between 𝑋 and 𝑌 (this is visualized
in Figure 5). In contrast, in the collider structure conditioning on 𝐴 can introduce a (negative)
correlation between unrelated variables, 𝑋 and 𝑌 (this is visualized in Figure 6).

Key Observation 1 (Selective De-Correlation). As a corollary to the above, we note that
negative correlations can be eliminated by conditioning on the mediator/fork attributes with originally
negative impact; similarly, positive correlations can be boosted by conditioning on the colliders which
have originally negative impact.

Consider the following example:

Example 3 (Conditioning to Weaken Negative Correlations among the Preference
Attributes). In Example 1, if we condition on the Distance_to_city_center by clustering all
houses based on their distance to the city center and on whether they have scenic views or not, then
within each such cluster, the only remaining causal relationship between Price and Commute attributes
would be the direct causal relationship of Commute on Price. ○
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among the preference variables

4 Causal Search for Skylines (CSS) with Selective De-Correlation
Let us reconsider our house hunting example and the corresponding causal graph visualized in
Figure 1. In this example, our preference attributes are Commute and Price, and our preference
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criteria are min-min. As we have discussed in the previous section, in this graph, we have two
confounders Distance_to_city_center and Scenic_view, the former introducing a negative
correlation between the preference attributes, whereas the latter introducing positive correlation
between them. While the negative correlation between Commute and Price due to the "−" labeled
direct causal edge between them cannot be eliminated, the additional correlations due to the
existence of the confounders can potentially be eliminated by conditioning them:

● The negative correlation imposed on the preference attributes by the Distance_to_city_center
confounder can be eliminated by conditioning this attribute. Our intuition is that, since negative
correlations are mis-aligned with the min-min preference criteria for the Commute and Price
skyline attributes, this should help reduce the number of dominance checks and improve the
efficiency of the skyline search process.
● In contrast, however, conditioning of the Scenic_view attribute would eliminate a degree of
positive correlation between our preference attributes. This clearly is not desirable when our
preference criteria is min-min as the elimination of this positive correlation would effectively
emphasize the negative correlation between the preference attributes due to the "−" labeled direct
causal edge between them.

Therefore, while conditioning of the Distance_to_city_center confounder is desirable, condi-
tioning of the Scenic_view attribute is not. Note that this indicates a potential approach to improve
the efficiency of skyline discovery, when there are only two preference attributes: (1) identify the
confounders; (2) identify if the statistical correlation implied by the confounder is positively or
negatively aligned with the preference criteria; and (3) condition those confounders that have
negative alignment with the preferences to selectively de-correlate the preference attributes. While
this approach promises an effective way to reduce the number of dominance checks, there are
several challenges:

● Firstly, we do not always have only two preference attributes. We therefore need an efficient and
effective way to account for attributes that are negatively aligned with the preference attributes.
● Secondly, data attributes may have partial causal impact on the set of preference attributes
and they may be positively-aligned with some of the criteria, while being negatively aligned
with the rest. In Figure 7(e,f), we see a scenario where conditioning on one of the attributes
reverses the positive correlation between the preference variables, potentially increasing the cost
of the skyline search. We therefore need an effective way to account for such mis-alignments to
promote the efficiency of the skyline discovery process, without negatively effecting the pruning
of non-promising skyline candidates.

Therefore, we present a causal search for skylines (CSS) which, given a causal graph that describes
the underlying causal structure of the data, identifies a subset, 𝒵−, of the data attributes that can be
used to de-correlate the negatively-aligned preference attributes (while preserving the correlations
among the positively-aligned ones).

4.1 Problem Formulation
Extended version of this paper [37] includes a table with the key notations. Let 𝑅(𝐴) be a relation
with the attribute set𝐴 and let 𝑃 ⊆ 𝐴 denote the set of preference/skyline attributes. Let us consider
a skyline setting where all preferences are max or all of them are min (other scenarios can easily be
converted to these with simple data transformations). Let 𝐺𝑅 (or 𝐺 for short) be an ±-edge-labeled
causal graph for the attributes in R. Let further 𝐶𝑃 denote a correlation matrix for the attributes in
𝑃 .
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Our goal is to find a subset of conditioning attributes, 𝒵 ⊆ 𝐴, such that for all 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 ,
𝐶𝑃 (︀𝑖, 𝑗⌋︀ ≤ 𝐶∗𝑃 (︀𝑖, 𝑗⌋︀, where 𝐶∗𝑃 is the correlation matrix obtained after the conditioning on attributes
in 𝒵 . It is, however, especially important that
● if 𝐶𝑃 (︀𝑖, 𝑗⌋︀ ≪ 0, then we have 𝐶∗𝑃 (︀𝑖, 𝑗⌋︀ ≳ 0 and
● if 𝐶𝑃 (︀𝑖, 𝑗⌋︀ > 0, then we do not have 𝐶∗𝑃 (︀𝑖, 𝑗⌋︀ ≪ 𝐶𝑃 (︀𝑖, 𝑗⌋︀.
More specifically, when the correlation between two preference attributes, 𝑖, 𝑗 , is significantly
negatively aligned with the preference criteria (𝐶𝑃 (︀𝑖, 𝑗⌋︀ << 0), we would like the correlation
between preference variates 𝑖, 𝑗 to be positive, but close to zero (𝐶𝑃 (︀𝑖, 𝑗⌋︀ ≳ 0). If, on the other
hand, the correlation between a pair of preference attributes, 𝑖, 𝑗 , is positively aligned with the
preference criteria (𝐶𝑃 (︀𝑖, 𝑗⌋︀ > 0), then we do not want the correlation to have a significant drop (i.e.,
𝐶∗𝑃 (︀𝑖, 𝑗⌋︀ ≪ 𝐶𝑃 (︀𝑖, 𝑗⌋︀) after we perform conditioning.

4.2 Baseline Algorithm - Algorithm #0: Data Driven Conditioning Set Selection
Before discussing algorithms that rely on causal graphs for identifying the conditioning set, we
first present a purely data-driven approach to conditioning set selection.
(1) Conditioning set enumeration. Let 𝒵 ⊆ 𝐴 be a subset of the attribute set of the given

relation.
(a) Data conditioning. Using a GROUP BY operation, the input data set, 𝐷 , is grouped into mul-

tiple subsets, 𝐷1(𝒵), . . . , 𝐷𝑚(𝒵) (where 𝑚 is the number of unique combinations for the
conditioning set of attributes).

(b) Pairwise correlation computation. We consider all pairs of 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 for group 𝐷𝑘(𝒵) to com-
pute the corresponding correlation 𝐶𝒵,𝑃 (︀𝑖, 𝑗, 𝑘⌋︀ under the given conditioning set.

(c) Pairwise correlation gain computation.We then compute the corresponding correlation gain
for the given conditioning set, where 𝐶𝑃 (︀𝑖, 𝑗⌋︀ is the correlation without any conditioning.

𝐶𝑔𝑎𝑖𝑛(𝒵) = 𝐶𝑎𝑣𝑔(𝒵) −∑
𝑖≠𝑗

𝐶𝑃 (︀𝑖, 𝑗⌋︀,

where
𝐶𝑎𝑣𝑔(𝒵) =

1
𝑘
∑
𝑘

∑
𝑖≠𝑗

𝐶𝒵,𝑃 (︀𝑖, 𝑗, 𝑘⌋︀.

(2) Conditioning set selection. Given all subsets of the attribute set, we select the subset, 𝒵 , that
provides the largest value of 𝐶𝑔𝑎𝑖𝑛(𝒵) as the conditioning set.
Once the above process (Step 0) is completed, we proceed with identifying the skylines for the

input data set 𝐷 as follows:
Step 1 using a GROUP BY operation, the input data set, 𝐷 , is grouped into multiple subsets,

𝐷1, . . . , 𝐷𝑚 (where𝑚 is the number of unique combinations for the conditioning set of
attributes),

Step 2 candidates skylines are identified for each subset separately,
Step 3 these candidate skylines are merged into𝑀 , and
Step 4 the final skyline set is identified by running a skyline algorithm on the merged candidate

skyline data set,𝑀 .
The intuition behind the above process is that the conditioning set we seek should ideally

eliminate the negative correlations among the preference variables, while preserving (or even
boosting) positive correlations among them. As we empirically establish in Section 7.2.1, the above
(baseline) algorithmmay be effective in identifying conditioning subsets; yet, this baseline algorithm
is also quite costly as in Step 0 we need to compute pairwise correlations among ⋃︀𝑃 ⋃︀ attributes for
2⋃︀𝐴⋃︀ conditioning subsets, which can be achieved at𝑂(⋃︀𝑃 ⋃︀2 ⋅ 2⋃︀𝐴⋃︀ ⋅𝑁 ) time, where 𝑁 is the size of the
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input data. In the rest of this paper, we present algorithms to compute conditioning sets relying on
causal graphs (when they are available), avoiding the cost of computing pairwise correlations for
each potential conditioning subset.

5 Algorithm #1: Gain-based Negative Path Blocking
In this section, we describe an algorithm to address this issue by blocking the negative paths, while
preserving the positive ones in the underlying causal graph. Below, we provide the outline of the
algorithm and discuss each step in detail:

(1) Path counting. In the first step, we consider all pairs of 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 and for each such pair, we
enumerate the set of paths from 𝑎𝑖 to 𝑎 𝑗 using exhaustive BFS or DFS. Let
● 𝑃𝑎𝑡ℎ𝑠𝑖, 𝑗 denote the set of all paths between 𝑎𝑖 and 𝑎 𝑗 ;
● 𝑂𝑝𝑒𝑛+𝑖, 𝑗 denote the set of non-blocked (i.e., collider free) paths on which the count of "-"
labeled edges is an even number (this implies that the overall correlation implied by the path
is positive), and
● 𝑂𝑝𝑒𝑛−𝑖, 𝑗 denote the set of non-blocked (i.e., collider free) paths on which the count of "-"
labeled edges is an odd number (this implies that the correlation implied by the path is
negative).

(2) Conditioning set enumeration. Let 𝒵 ⊆ 𝐴 be a subset of the attribute set of the given
relation.

(a) Preference pair assessment. For this subset, consider all pairs of 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃
(i) Identify new paths that provisionally open between 𝑎𝑖 and 𝑎 𝑗 . This can happen if a path that

was originally blocked through one or more colliders now gets un-blocked, because each
collider on the path (or one of its descendants) gets conditioned. Note that, these paths
are only provisionally open, because they may in fact be blocked by other conditioned
mediator or fork nodes - we will not know this until they are further confirmed.
● 𝑃𝑟𝑜𝑣+𝑖, 𝑗(𝒵) ⊆ 𝑃𝑎𝑡ℎ𝑠𝑖, 𝑗 denotes the set of new paths that (provisionally) open between 𝑎𝑖
and 𝑎 𝑗 by 𝒵 , such that the overall correlation implied by the path is positive and
● 𝑃𝑟𝑜𝑣−𝑖, 𝑗(𝒵) ⊆ 𝑃𝑎𝑡ℎ𝑠𝑖, 𝑗 denotes the set of new paths that (provisionally) open between 𝑎𝑖
and 𝑎 𝑗 by 𝒵 , such that the overall correlation implied by the path is negative.

Note, however, that each un-blocked collider reverses the positive/negative relationship
between the end-points. Therefore, whether a provisionally opened path is positive or
negative depends on whether the sum of the number of "-" labeled edges and the number
of colliders on the path is even or odd.

(ii) Revise the sets of open paths with the provisional set. Given the above, we can revise the sets
of open paths between 𝑎𝑖 and 𝑎 𝑗 considering the paths that provisionally open thanks to
the un-blocked conditioners in 𝒵 :
● 𝑂𝑝𝑒𝑛+𝑖, 𝑗(𝒵) = 𝑂𝑝𝑒𝑛+𝑖, 𝑗 ∪ 𝑃𝑟𝑜𝑣+𝑖, 𝑗(𝒵), and
● 𝑂𝑝𝑒𝑛−𝑖, 𝑗(𝒵) = 𝑂𝑝𝑒𝑛−𝑖, 𝑗 ∪ 𝑃𝑟𝑜𝑣−𝑖, 𝑗(𝒵),

(iii) Identify the paths that get blocked by 𝒵 . Next, we consider the open paths between 𝑎𝑖 and
𝑎 𝑗 and see if any of these get blocked by the conditioning of any mediators or forks:
● 𝐵𝑙𝑜𝑐𝑘𝑒𝑑+𝑖, 𝑗(𝒵) ⊆ 𝑂𝑝𝑒𝑛+𝑖, 𝑗(𝒵) denotes the set of positive paths that were (provisionally)
open between 𝑎𝑖 and 𝑎 𝑗 that are blocked by conditioning of 𝒵 ; and
● 𝐵𝑙𝑜𝑐𝑘𝑒𝑑−𝑖, 𝑗(𝒵) ⊆ 𝑂𝑝𝑒𝑛−𝑖, 𝑗(𝒵) denotes the set of negative paths that were (provisionally)
open between 𝑎𝑖 and 𝑎 𝑗 that are blocked by conditioning of 𝒵 .

(iv) Evaluate the positive and negative path impact of 𝒵 , in terms of the number of positive and
negative paths between 𝑎𝑖 and 𝑎 𝑗 that were open at the beginning versus the number of
such paths open after the conditioning of 𝒵 :
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● 𝑖𝑚𝑝+𝑖, 𝑗(𝒵) = ⋃︀𝑂𝑝𝑒𝑛+𝑖, 𝑗(𝒵)/𝐵𝑙𝑜𝑐𝑘𝑒𝑑+𝑖, 𝑗(𝒵)⋃︀ − ⋃︀𝑂𝑝𝑒𝑛+𝑖, 𝑗 ⋃︀,
● 𝑖𝑚𝑝−𝑖, 𝑗(𝒵) = ⋃︀𝑂𝑝𝑒𝑛−𝑖, 𝑗(𝒵)/𝐵𝑙𝑜𝑐𝑘𝑒𝑑−𝑖, 𝑗(𝒵)⋃︀ − ⋃︀𝑂𝑝𝑒𝑛−𝑖, 𝑗 ⋃︀.
An impact value < 0 indicates a drop in the corresponding open paths, whereas a value > 0
indicates an increase.

(b) Compute the overall gain provided by 𝒵 . The overall impact of the conditioning of 𝒵 is a
function of the changes in the numbers of positive and negative open paths in the causal
graph.

𝑔𝑎𝑖𝑛(𝒵) = ∑
𝑎𝑖 ,𝑎 𝑗 ∈𝑃

(︀𝑖𝑚𝑝+𝑖, 𝑗(𝒵) − 𝑖𝑚𝑝−𝑖, 𝑗(𝒵)⌋︀

(3) Conditioning set selection. For conditioning, we select 𝒵 ⊆ 𝐴 that provides the largest value
of 𝑔𝑎𝑖𝑛(𝒵).

Note that if we are working with graphs where edges are not labeled with ±, we assume that all
open paths are negative paths. Note also that, if we have more precise edge impact values associated
with the edges, we can also accommodate them. More specifically, we revise the computation of the
impact values, 𝑖𝑚𝑝+𝑖, 𝑗(𝒵) and 𝑖𝑚𝑝−𝑖, 𝑗(𝒵), in Step 2(a)iv of the above algorithm to take into account
the causal weights (𝑐𝑤 ) of the paths:
● 𝔒+𝑖, 𝑗 = ∑𝑝∈𝑂𝑝𝑒𝑛+

𝑖,𝑗
𝑐𝑤(𝑝),

● 𝔒−𝑖, 𝑗 = ∑𝑝∈𝑂𝑝𝑒𝑛−
𝑖,𝑗
𝑐𝑤(𝑝),

● 𝔒𝐵
+
𝑖, 𝑗(𝒵) = ∑𝑝∈𝑂𝑝𝑒𝑛+

𝑖,𝑗
(𝒵)/𝐵𝑙𝑜𝑐𝑘𝑒𝑑+

𝑖,𝑗
(𝒵) 𝑐𝑤(𝑝),

● 𝔒𝐵
−
𝑖, 𝑗(𝒵) = ∑𝑝∈𝑂𝑝𝑒𝑛−

𝑖,𝑗
(𝒵)/𝐵𝑙𝑜𝑐𝑘𝑒𝑑−

𝑖,𝑗
(𝒵) 𝑐𝑤(𝑝),

● 𝑖𝑚𝑝+𝑖, 𝑗(𝒵) =𝔒𝐵
+
𝑖, 𝑗(𝒵) −𝔒+𝑖, 𝑗 , and

● 𝑖𝑚𝑝−𝑖, 𝑗(𝒵) = −(𝔒𝐵
−
𝑖, 𝑗(𝒵) −𝔒−𝑖, 𝑗),

where, given a path 𝑝 , the causal weight 𝑐𝑤(𝑝) of the path is determined as the multiplication of
the causal edges on the causal path; i.e, 𝑐𝑤(𝑝) = ∏𝑒∈𝑝 𝑐𝑤(𝑒).

This gives us the following gain-based negative path blocking causal skylines (gnSky) algorithm:
Once the conditioning set is selected based on gain as described above (let us refer to the above
process as Step 0), we proceed to identify the skylines for the input data set 𝐷 using the same 4
steps (Steps 1 through 4) in the baseline algorithm (Section 4.2). The outline of the overall algorithm
is presented in Algorithm 1. Note that the effectiveness of the algorithm depends on, among other
things, the cost of identifying candidate skylines for the subsets in Step 2 (which is a function of the
number and size of the groups and the correlation within each group) and the size of the merged
candidate skyline set obtained in Step 3. Therefore, as we discuss in the next section, the grouping
operation in Step 1 is critical in the overall performance of causal skyline search.

6 Algorithm #2: Leaky Negative Path Blocking
While the algorithm presented in the previous section helps eliminate negative correlations by
blocking paths on the causal graph that lead to negative correlations among the preference attributes,
this algorithm suffers from several shortcomings as outlined below.

6.1 Issue #1: Leaky Blocking
As we have discussed in Section 3.2, the GROUP BY operation is analogous to conditioning and
the algorithm presented in the previous subsection leverages this to block (for mediator and fork
structures) or open (for colliders) paths on a causal graph to eliminate negative correlations among
the preference attributes, while maintaining the positive correlations. The problem, of course,
is that in practice grouping the input tuples by a single value combination of the conditioning
attributes may be overly selective – it is possible that, the GROUP BY operation returns a single
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Algorithm 1 Skylines with Gain-based Negative Path Blocking (gnSky)
Input 𝑅(𝐴), 𝑃 ⊆ 𝐴, 𝐷
Output Skyline set 𝑆 , on preference attributes, 𝑃
procedure gnSky(𝑅(𝐴); 𝑃 , 𝐷)

▷ Step 0: Gain-based Negative Path Blocking
𝐶𝑃 ← 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛_𝑚𝑎𝑡𝑟𝑖𝑥(𝑃,𝐷)
for 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 do
(𝑃𝑎𝑡ℎ𝑠𝑖,𝑗 ;𝑂𝑝𝑒𝑛

+
𝑖,𝑗 ;𝑂𝑝𝑒𝑛

−
𝑖,𝑗) ← 𝑝𝑎𝑡ℎ𝑠(𝐺,𝑎𝑖 , 𝑎 𝑗 )

end for
for𝒵 ⊆ 𝐴/𝑃 do

𝐼(𝒵) ← ∅
for 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 do
(𝑃𝑟𝑜𝑣+𝑖,𝑗 ;𝑃𝑟𝑜𝑣

−
𝑖,𝑗 ) ← 𝑝𝑟𝑜𝑣_𝑜𝑝𝑒𝑛(𝐺,𝒵, 𝑎𝑖 , 𝑎 𝑗 )

▷ Below, ∗ stands for + or -
𝑂𝑝𝑒𝑛

∗
𝑖,𝑗 (𝒵) ← 𝑂𝑝𝑒𝑛𝑖,𝑗 ∪ 𝑃𝑟𝑜𝑣∗𝑖,𝑗(𝒵)

𝐵𝑙𝑜𝑐𝑘𝑒𝑑
∗
𝑖,𝑗(𝒵) ← 𝑔𝑒𝑡_𝑏𝑙𝑜𝑐𝑘𝑒𝑑(𝑂𝑝𝑒𝑛

∗
𝑖,𝑗(𝒵),𝒵)

𝑖𝑚𝑝
∗
𝑖,𝑗(𝒵) ←𝑐𝑜𝑚𝑝𝑢𝑡𝑒_𝑖𝑚𝑝𝑎𝑐𝑡(𝑂𝑝𝑒𝑛

∗
𝑖,𝑗 (𝒵),

𝐵𝑙𝑜𝑐𝑘𝑒𝑑
∗
𝑖,𝑗 (𝒵),𝑂𝑝𝑒𝑛

+
𝑖,𝑗 )

𝐼(𝒵) ← 𝐼(𝒵) ∪ 𝑖𝑚𝑝
∗
𝑖,𝑗(𝒵)

end for
𝑔𝑎𝑖𝑛(𝒵) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒_𝑔𝑎𝑖𝑛(𝐼(𝒵),𝐶𝑃 )

end for
𝒵− ← 𝑎𝑟𝑔𝑚𝑎𝑥𝒵 𝑔𝑎𝑖𝑛(𝒵)

▷ Step 1: Conditioning step
𝐷1, . . . , 𝐷𝑚 ← GROUP_BY𝒵−(𝐷)

▷ Step 2: Candidate skylines per conditioning value
∀𝑖𝑆𝑖 ← 𝑠𝑘𝑦𝑙𝑖𝑛𝑒(𝑃,𝐷𝑖)

▷ Step 3:Merging of candidate skylines
𝐶 ← ⋃𝑖 𝑆𝑖

▷ Step 4: Computing of the final skylines
𝑆 ← 𝑠𝑘𝑦𝑙𝑖𝑛𝑒(𝑃,𝐶)

end procedure

tuple per each unique value combination of the conditioning set of attributes; in such a case, we
would have𝑀 = 𝐷 and the cost of the Step 4 of the algorithm above would be equal to the cost of
running the skyline on the original data, rendering the total cost of Steps 1 through 3 a redundant
overhead. In order to avoid this outcome, we can revise the Step 1 of the algorithm above as follows:
Step 1* given the target number,𝑚, of groups, use a clustering algorithm to group the input data

set, 𝐷 , into multiple subsets, 𝐷1, . . . , 𝐷𝑚 .
On the positive side, this revision enables us to control the number of groups that are created in
Step 1, enabling us to deal with the situations where the combined selectivity of the conditioning
set of attributes is high. On the negative side, however, the replacement of single-value grouping in
Step 1 with similar value grouping in Step 1* potentially reduces the effect of conditioning and path
blocking. We next illustrate this problem, which we refer to as leaky conditioning or leaky blocking,
with an example:

Example 4 (Leaky Conditioning/Blocking). This is visualized in Figure 8, here we see a sample
causal graph, which has two alternative conditioning sets, {𝐵} and {𝐴,𝐵} with the same gain. In this
example, the data has been grouped into 10 subsets using K-means clustering and in Figures 8(d) and
(f), we are showing two of the resulting clusters for each of the conditioning set scenarios.

As we see in the figure, when we use the groups formed by the conditioning set, {𝐵}, the correlation
between preference attributes 𝑋 and 𝑍 is brought down from −0.44 for the original data set to ∼ −0.15
for the resulting clusters; while this conditioning set blocks the negative path between 𝑋 and 𝑍 , the
blockage is imperfect or leaky.
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Fig. 8. (a) A sample causal graph, (b) scatter plot of two attributes 𝑋 and 𝑍 , (c,d) two sample clusters
obtained through high leakage conditioning set {𝐵}, and (e,f) two sample clusters obtained through low
leakage conditioning set {𝐴, 𝐵} – in the causal graphs, orange colored nodes and edges indicate leaky
conditioning/blocking; as we see in this figure, the larger the number of conditioned attributes on a path, the
lesser the information leak on that path

In contrast, when we use the conditioning set, {𝐴,𝐵}, the correlation between preference attributes 𝑋
and 𝑍 is brought down from −0.44 to ∼ 0.04 for the resulting clusters; in other words, this conditioning
set blocks the negative path between 𝑋 and 𝑍 very effectively, almost completely eliminating the
negative correlation between the preference attributes in the resulting clusters.

Therefore, when we are relying on cluster-based similar-value grouping in Step 1 of the algorithm,
rather than single-value grouping, the value of 𝑔𝑎𝑖𝑛 defined in Section 5 is not sufficient to differ-
entiate among the path blocking alternatives. Instead, as we discuss in the next section, we need
to expand the definition of 𝑔𝑎𝑖𝑛 in a way that accounts also for the leakages of the conditioning
attributes.

6.2 Issue #2: Noisy Causal Information Passing
Imperfect causal information passing is not limited to only the blocked nodes. Even open nodes
may be imperfect conduits of causality. A common causal model [44, 61], for example, represents
the causal relationship 𝑋 → 𝑌 as 𝑌 = 𝑐𝑥𝑦𝑋 + 𝜖𝑦 , where 𝑐𝑥𝑦 denotes the causal impact of 𝑋 on 𝑌 ,
whereas 𝜖𝑦 , the noise that acts on attribute 𝑌 along this causal edge. When the noise, 𝜖𝑦 ∼ 0, the
causal impact of 𝑋 and 𝑌 is clear. When ⋃︀𝜖𝑦 ⋃︀ ≫ 0, the causal relationship between 𝑋 and 𝑌 will be
noisy and the impact of 𝑋 on 𝑌 may be hidden, even for large values of 𝑐𝑥𝑦 .

6.3 Leaky Negative Path Blocking
We address leaky blocking and noisy information passing problems by blocking the negative paths,
while preserving the positive ones in the underlying causal graph, in a way that takes into account
leaky conditioning due to cluster-based similar-value grouping in Step 1 of the algorithm. The
algorithm shares the same outline as the gain-based negative path blocking skyline (gnSky) algorithm
in Section 5, but instead of treating each node in the graph as open or closed, it considers a degree
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of information passing, 𝜋 , on a conditioned attribute node: A conventionally open/non-blocked
node passes complete information (𝜋 = 1), whereas a conventionally (i.e., single-value grouping
based) blocked node passes no information at all (𝜋 = 0). In contrast, a noisy open node passes
𝜋 = 𝜆𝑜 information, whereas a similar-value grouping based blocked node passes 𝜋 = 𝜆𝑏 information.
Here 0 < 𝜆𝑏 ≪ 𝜆𝑜 < 1 are the corresponding degrees of information passage for imperfectly open
and blocked nodes, respectively. The outline of the leaky negative path blocking skyline (lnSky)
algorithm is as follows:
(1) Path counting. In the first step, we consider all pairs of 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 and for each such pair, we

enumerate the set of paths from 𝑎𝑖 to 𝑎 𝑗 using exhaustive BFS or DFS. Let 𝑃𝑎𝑡ℎ𝑠𝑖, 𝑗 ,𝑂𝑝𝑒𝑛+𝑖, 𝑗 , and
𝑂𝑝𝑒𝑛−𝑖, 𝑗 be defined as before.

(2) Conditioning set enumeration. Let 𝒵 ⊆ 𝐴 be a subset of the attribute set of the given
relation.

(a) Preference pair assessment. For this subset, consider all pairs of 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃
(i) Identify new paths that provisionally open between 𝑎𝑖 and 𝑎 𝑗 . As before, this can happen

if a path that was originally blocked through one or more colliders now gets un-blocked,
because each collider on the path (or one of its descendants) gets conditioned. Let 𝑃𝑟𝑜𝑣+𝑖, 𝑗(𝒵)
and 𝑃𝑟𝑜𝑣−𝑖, 𝑗(𝒵) be defined as before.
Note that, in this case, how much information passes on a path 𝑝 ∈ 𝑃𝑟𝑜𝑣+𝑖, 𝑗(𝒵)∪𝑃𝑟𝑜𝑣−𝑖, 𝑗(𝒵)
depends on how much information passes on the conditioned colliders.

(ii) Revise the sets of open paths with the provisional set. Given the above, we can revise the sets
of open paths between 𝑎𝑖 and 𝑎 𝑗 considering the paths that provisionally open thanks to
the un-blocked conditioners in 𝒵 :
● 𝑂𝑝𝑒𝑛+𝑖, 𝑗(𝒵) = 𝑂𝑝𝑒𝑛+𝑖, 𝑗 ∪ 𝑃𝑟𝑜𝑣+𝑖, 𝑗(𝒵), and
● 𝑂𝑝𝑒𝑛−𝑖, 𝑗(𝒵) = 𝑂𝑝𝑒𝑛−𝑖, 𝑗 ∪ 𝑃𝑟𝑜𝑣−𝑖, 𝑗(𝒵),

(iii) Identify the paths that get blocked by 𝒵 . Next, we consider the open paths between 𝑎𝑖 and
𝑎 𝑗 and see if any of these get blocked by the conditioning of any mediators or forks:
● 𝐵𝑙𝑜𝑐𝑘𝑒𝑑+𝑖, 𝑗(𝒵) ⊆ 𝑂𝑝𝑒𝑛+𝑖, 𝑗(𝒵) denotes the set of positive paths that were (provisionally)
open between 𝑎𝑖 and 𝑎 𝑗 that are blocked by conditioning of 𝒵 ; and
● 𝐵𝑙𝑜𝑐𝑘𝑒𝑑−𝑖, 𝑗(𝒵) ⊆ 𝑂𝑝𝑒𝑛−𝑖, 𝑗(𝒵) denotes the set of negative paths that were (provisionally)
open between 𝑎𝑖 and 𝑎 𝑗 that are blocked by conditioning of 𝒵 .

In this case, conditioning does not entirely eliminate information passage on the paths, but
reduces it due to leakages.

(iv) Compute noise and leakage adjusted causal weights of the paths. Given an open or closed
path 𝑝 , let the causal weight 𝑐𝑤(𝑝) of the path be determined as the multiplication of the
weights of the causal edges on the causal path; i.e, 𝑐𝑤(𝑝) = ∏𝑒∈𝑝 𝑐𝑤(𝑒). Let 𝑜𝑝(𝒵) be the
number of open nodes on 𝑝 and let 𝑏𝑝(𝒵) be the number of blocked nodes on 𝑝 , given 𝒵 .
The noise and leakage adjusted causal weight of 𝑝 is computed as

ˆ𝑐𝑤(𝑝) = 𝑐𝑤(𝑝) ⋅ 𝜆𝑜𝑝(𝒵)𝑜 ⋅ 𝜆𝑏𝑝(𝒵)
𝑏

.

(v) Evaluate the leaky impact of 𝒵 on positive and negative paths between 𝑎𝑖 and 𝑎 𝑗 , in terms of
the amount of information flow on them:
● 𝔒+𝑖, 𝑗 = ∑𝑝∈𝑂𝑝𝑒𝑛+

𝑖,𝑗
ˆ𝑐𝑤(𝑝),

● 𝔒−𝑖, 𝑗 = ∑𝑝∈𝑂𝑝𝑒𝑛−
𝑖,𝑗

ˆ𝑐𝑤(𝑝),
● 𝔒𝐵

+
𝑖, 𝑗(𝒵) = ∑𝑝∈𝑂𝑝𝑒𝑛+

𝑖,𝑗
(𝒵)∪𝐵𝑙𝑜𝑐𝑘𝑒𝑑+

𝑖,𝑗
(𝒵) ˆ𝑐𝑤(𝑝),

● 𝔒𝐵
−
𝑖, 𝑗(𝒵) = ∑𝑝∈𝑂𝑝𝑒𝑛−

𝑖,𝑗
(𝒵)∪𝐵𝑙𝑜𝑐𝑘𝑒𝑑−

𝑖,𝑗
(𝒵) ˆ𝑐𝑤(𝑝),

● 𝑙_𝑖𝑚𝑝+𝑖, 𝑗(𝒵) =𝔒𝐵
+
𝑖, 𝑗(𝒵) −𝔒+𝑖, 𝑗 , and
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Algorithm 2 Skylines with Leaky Negative Path Blocking (lnSky)
Input 𝑅(𝐴); 𝑃 ⊆ 𝐴, 𝐷 ,𝑚
Output Skyline set 𝑆 , on preference attributes, 𝑃
procedure lnSky(𝑅(𝐴), 𝑃 , 𝐷 ,𝑚)

▷ Step 0: Leaky Gain-based Negative Path Blocking
𝐶𝑃 ← 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛_𝑚𝑎𝑡𝑟𝑖𝑥(𝑃,𝐷)
for 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 do
(𝑃𝑎𝑡ℎ𝑠𝑖,𝑗 ;𝑂𝑝𝑒𝑛

+
𝑖,𝑗 ;𝑂𝑝𝑒𝑛

−
𝑖,𝑗) ← 𝑝𝑎𝑡ℎ𝑠(𝐺,𝑎𝑖 , 𝑎 𝑗 )

end for
for𝒵 ⊆ 𝐴/𝑃 do

𝐼(𝒵) ← ∅
for 𝑎𝑖 , 𝑎 𝑗 ∈ 𝑃 do
(𝑃𝑟𝑜𝑣+𝑖,𝑗 ;𝑃𝑟𝑜𝑣

−
𝑖,𝑗 ) ←

𝑙_𝑝𝑟𝑜𝑣_𝑜𝑝𝑒𝑛(𝐺,𝒵, 𝑎𝑖 , 𝑎 𝑗)
𝑂𝑝𝑒𝑛

∗
𝑖,𝑗 (𝒵) ← 𝑂𝑝𝑒𝑛𝑖,𝑗 ∪ 𝑃𝑟𝑜𝑣∗𝑖,𝑗(𝒵)

𝐵𝑙𝑜𝑐𝑘𝑒𝑑
∗
𝑖,𝑗(𝒵) ← 𝑔𝑒𝑡_𝑙_𝑏𝑙𝑜𝑐𝑘𝑒𝑑(𝒵,

𝑂𝑝𝑒𝑛
∗
𝑖,𝑗 (𝒵))

𝑙_𝑖𝑚𝑝
∗
𝑖,𝑗 (𝒵) ←𝑐𝑜𝑚𝑝𝑢𝑡𝑒_𝑙_𝑖𝑚𝑝𝑎𝑐𝑡(𝑂𝑝𝑒𝑛

∗
𝑖,𝑗 (𝒵),

𝐵𝑙𝑜𝑐𝑘𝑒𝑑
∗
𝑖,𝑗 (𝒵),𝑂𝑝𝑒𝑛

+
𝑖,𝑗 )

𝐼(𝒵) ← 𝐼(𝒵) ∪ 𝑙_𝑖𝑚𝑝
∗
𝑖,𝑗(𝒵)

end for
𝑙_𝑔𝑎𝑖𝑛(𝒵) ← 𝑐𝑜𝑚𝑝𝑢𝑡𝑒_𝑙_𝑔𝑎𝑖𝑛(𝐼(𝒵),𝐶𝑃 )

end for
𝒵− ← 𝑎𝑟𝑔𝑚𝑎𝑥𝒵 𝑔𝑎𝑖𝑛(𝒵)

▷ Step 1: Conditioning step
𝐷1, . . . , 𝐷𝑚 ← cluster(𝐷,𝒵−,𝑚)

▷ Step 2: Candidate skylines per conditioning value
∀𝑖𝑆𝑖 ← 𝑠𝑘𝑦𝑙𝑖𝑛𝑒(𝑃,𝐷𝑖)

▷ Step 3:Merging of candidate skylines
𝐶 ← ⋃𝑖 𝑆𝑖

▷ Step 4: Computing of the final skylines
𝑆 ← 𝑠𝑘𝑦𝑙𝑖𝑛𝑒(𝑃,𝐶)

end procedure

● 𝑙_𝑖𝑚𝑝−𝑖, 𝑗(𝒵) = −(𝔒𝐵
−
𝑖, 𝑗(𝒵) −𝔒−𝑖, 𝑗).

Note that, a (leaky) impact value < 0 indicates a drop of information flow on the corre-
sponding open paths, whereas a value > 0 indicates an increase.

(b) Compute the overall leaky gain provided by 𝒵 . The overall (leaky) impact of the conditioning
of 𝒵 is a function of the changes of the amount of positive and negative information flow in
the causal graph.

𝑙_𝑔𝑎𝑖𝑛(𝒵) = ∑
𝑎𝑖 ,𝑎 𝑗 ∈𝑃

(︀𝑙_𝑖𝑚𝑝+𝑖, 𝑗(𝒵) − 𝑙_𝑖𝑚𝑝−𝑖, 𝑗(𝒵)⌋︀

(3) Conditioning set selection. Given all subsets of the attribute set, we select the one, 𝒵 , that
provides the largest value of the leaky gain, 𝑙_𝑔𝑎𝑖𝑛(𝒵).

Note that, as before, if we are working with graphs where edges are not labeled with ±, we can
assume that all open paths are negative paths. Note also that, if we have edge impact values
associated with the edges, we can also accommodate them (multiplicatively).
This gives us the following leaky negative path blocking causal skyline (lnSky) algorithm: Once

the conditioning set is selected based on the leaky gain as described above (we refer to the above
process as Step 0 of the lnSky algorithm), we proceed to identify the skylines for the input data set
𝐷 using the same 4 steps in the baseline algorithm (Section 4.2) and the gain-based negative path
blocking skyline (gnSky) algorithm.

The outline of the algorithm is presented in Algorithm 2.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 149. Publication date: June 2026.



Causal Search for Skylines (CSS): Causally-Informed Selective Data De-Correlation 149:17

6.4 Complexity Analysis
Both gnSky and lnSky algorithms consist of 5 steps (Steps 0 through 4). We analyze the complexity
of each step separately:

● Step 0 - Gain computation and conditioning set selection: The cost of this step depends on the
number of paths considered which is a function of the number of preference variables and the
number of paths in the causal graph between pairs of these variables. More specifically, in the
worst case, the algorithm would enumerate ((⋃︀𝑃 ⋃︀ ⋅ ⋃︀𝑃 ⋃︀ − 1)⇑2) ⋅ 2⋃︀𝐴⋃︀ number of paths. Each of these
paths would then be evaluated for each possible conditioning set. Given the above, the overall
worst case cost of the algorithm is 𝑂(⋃︀𝑃 ⋃︀2 ⋅ 22⋃︀𝐴⋃︀) or equally 𝑂(⋃︀𝑃 ⋃︀2 ⋅ 4⋃︀𝐴⋃︀).
● Step 1 - Data conditioning: GROUP BY would require 𝑂(𝑁 ) time for hashing if the values are
categorical or𝑂(𝑁𝑙𝑜𝑔(𝑁 )) time if the values are ordinal andwe need to sort the data for similarity
based grouping. The cost of the clustering based implementation would depend on𝑚, 𝑁 , and the
clustering algorithm used.
● Step 2 - Candidate skylines: Assuming that the data is uniformly divided into𝑚 subsets, the cost of
this step is𝑚 ⋅𝑐𝑜𝑠𝑡_𝑠𝑘𝑦𝑙𝑖𝑛𝑒(𝑁 ⇑𝑚); i.e.,𝑂(𝑚 ⋅ (𝑁 ⇑𝑚)2). Note that, in the worst case (where one of
the subsets is almost as large as the original data), of course, the cost would be ∼ 𝑐𝑜𝑠𝑡_𝑠𝑘𝑦𝑙𝑖𝑛𝑒(𝑁 ),
which is, generally, 𝑂(𝑁 2).
● Step 3 - Merging of candidate skylines: Let 𝑠𝑖 be the number of skylines returned for the 𝑖𝑡ℎ subset.
The cost of this step is 𝑂(∑𝑖 𝑠𝑖).
● Step 4 - Obtaining final skylines: The cost of this step is 𝑐𝑜𝑠𝑡_𝑠𝑘𝑦𝑙𝑖𝑛𝑒(∑𝑖 𝑠𝑖), which is𝑂((∑𝑖 𝑠𝑖)2).

Note that the cost of Step 0 depends on the size and complexity of the causal graph and, while the
worst case size is exponential in the number of attributes, in practice, the number of paths that need
to be enumerated is much smaller and, as we see in Section 7, the cost of Step 0, (which is independent
of the data size, 𝑁 ) is generally negligible relative to the cost of skyline computations, which is
𝑂(𝑁 2). Moreover, once the impact values for a causal graph is computed, the gain values can be
re-used without any recomputation for a new data set with the same causal structure. Consequently,
the overall cost of Steps 1 through 4 depends on (a) how uniformly the data conditioning step splits
the data into𝑚 subsets and (b) how well the conditioning reduces the number of skyline objects
(through elimination of negative correlations among the preference attributes).

6.5 Computation of the Scaling Parameters
The Algorithm #2 (lnSky) alleviates the shortcomings of Algorithm #1 (gnSky) by accounting for
the leaky blocking and noisy causal information passage by leveraging two scaling factors, 𝜆𝑏 and
𝜆𝑜 , respectively. We therefore need a mechanism to quantify these degrees of leakage and noise as
a function of the structure of the causal graph. Let 𝑝 be a path between two preference variables 𝑋
and 𝑌 and 𝒵 be the set of conditioning attributes; to compute the conditioning gain for the path, 𝑝 ,
we need to compute two terms:

● 𝑐𝑜𝑟𝑟𝑝(𝑋,𝑌); i.e., the correlation between 𝑋 and 𝑌 , implied by the causal path 𝑝 , before the
conditioning step, and
● 𝑐𝑜𝑟𝑟𝑝,𝒵(𝑋,𝑌); i.e., the correlation between 𝑋 and 𝑌 , implied by the causal path 𝑝 , after the
conditioning of attributes in 𝒵 .

Given these, the conditioning gain for the path given the conditioning set 𝒵 can be computed
as 𝑐_𝑔𝑎𝑖𝑛(𝑝,𝒵) = 𝑐𝑜𝑟𝑟𝑝,𝒵(𝑋,𝑌) − 𝑐𝑜𝑟𝑟𝑝(𝑋,𝑌). While outside the scope of this paper, we discuss
how to compute these terms, under the assumption that the sets of variables have multi-variate
Gaussian distributions, in the extended version of this paper [37].
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Table 1. Experiment parameters (bold indicate default values)

Parameter Values
Number of data elements 50K, 100K, 200K, 400K
Number of preference attributes 2, 3, 4
Number of de-correlation clusters 2 - 9, 10, 11 - 20

∐︀𝜆𝑜 , 𝜆𝑏̃︀ pairs
∐︀1.0, 0.0̃︀, ∐︀0.9, 0.1̃︀, ∐︀0.8, 0.2̃︀,
∐︀0.7, 0.3̃︀, ∐︀0.6, 0.4̃︀

Table 2. Real Causal Graphs

Name # Variates # Tuples
Abalone [41] 8 4177
Adult [9] 14 48842
Auto MPG [47] 7 398
Concrete Compressive Strength [63] 9 1030
Dry Bean [2] 16 13611
Hong Kong Weather [23] 10 18262
Individual Household Power Consumption [22] 9 2075259
Seoul Bike Demand [3] 13 8760
Wine Quality (White) [19] 11 4898

7 Experiments and Analysis
Next, we present experiment results evaluating the effectiveness of the proposed causally-informed
skyline (CSS) search4.

7.1 Experiment Setup
7.1.1 Causal Graphs and Data Sets. We consider data sets with both real and synthetic causal
graphs for evaluating CSS. For each causal graph, we consider different preference sets, with
varying numbers of preference attributes.
● Real Causal Graphs: Table 2 presents the real causal graphs considered in these experiments.
Since in this section we also want to investigate the impact of the data size, we varied the data
set size for these graphs by leveraging data augmentation using perturbed oversampling with
Gaussian noise [10, 14].
● Synthetic Causal Graphs: In addition to these real causal graphs, we also considered a number
of synthetic causal graphs, with varying complexities (number of nodes, edge densities, and
different causal primitives). The causal edge weights for these causal graphs were set to +1.0 or
+0.5 for strongly and weakly positive causal edges, respectively. Similarly, −1.0 and −0.5 were
used for strongly and weakly negative causal edges, respectively. The data for these causal graphs
were also generated synthetically.
● Inferred Causal Graphs: We also experimented with causal graphs inferred from the data, rather
than being provided as input by the user. While there are many causal discovery algorithms [17,
51, 52], in the experiments, we used the NOTEARS [67] causal inference algorithm, which assumes
a simple linear structural equation model, to discover the causal graph and the edge weights.

7.1.2 Skyline Algorithms. As competitors to CSS, we consider the following skyline algorithms:
4The source code, along with all causal graphs used in our experiments and their corresponding preference sets and
dominance criteria are available at https://github.com/EmitLab/Causal-Search-for-Skylines.
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● Block Nested Loop Skylines (BNL) [13] BNL scans the dataset once, keeping a window of currently
non-dominated tuples – no specific ordering of tuples is assumed. Every new tuple is compared
against this window: the tuple is discarded if it is dominated or inserted into the window, evicting
any tuples it dominates.
● Sort-First Skylines (SFS) [18] SFS sorts the data on a monotone ranking criterion (∐︀𝑠𝑢𝑚̃︀ in the
experiments), then performs a scan in that order, maintaining a window of candidates5. The
presort reduces the number of comparisons.
● Sort-and-Limit Skyline (SaLSa) [8] SaLSa builds on SFS by introducing "lazy" sorting: it interleaves
(partial) sorting with skyline testing, in such a way that any removed tuple cannot re-enter the
skyline. For SaLSa, we have used the ∐︀max, sum̃︀ monotonic function as recommended by the
authors.
● Branch and Bound Skyline (BBS) [42] BBS operates on an R-tree index, exploring nodes in best-first
order using a priority queue pruning whole sub-trees if their bounding rectangles are dominated
by skyline tuples already found.
● Divide and Conquer Skylines (D&C) [13, 29] D&C partitions the space along the median values
into sub-regions, computes the skyline of each partition independently, and merges the partial
skylines discarding any tuples dominated by another from any partition. The divide-and-conquer
strategy of the D&C algorithm can be seen as pure de-correlation of the preference attributes.

7.1.3 CSS Implementation. For each of the above skyline algorithms, we consider the causal version
as follows: (a) given a causal graph and the set of preference attributes, we compute the expected
gains for each possible conditioning set; (b) given the target number of de-correlation clusters, we
apply Euclidean-distance based 𝑘-means on the conditioning attributes, normalized to zero mean
and unit variance; (c) we compute the causal skylines for each cluster6, and (d) obtained skylines
from the clusters are unioned and the skyline is searched among these tuples.
Note that the leaky negative path blocking (lnSky) algorithm presented in Section 6 uses two

parameters 𝜆𝑏 ≪ 𝜆𝑜 , denoting the degrees of information passage on imperfectly open and blocked
nodes. Table 1 lists the values considered in the experiments.
In our implementation, all algorithms use the main memory to compute the skylines, and no

temporary file was ever needed (i.e., BNL, SFS, and SaLSa always completed in a single pass).
The skyline algorithms, their corresponding causal equivalents, and K-means clustering have
been implemented in Python 3.12.7 with Numpy 2.1.2. The experiments were executed using
Chameleon [27] on AMD EPYC 7763 64-Core Processor, 256GB RAM, and 500GB SSD.

7.1.4 Baselines. In addition, for each of the above skyline algorithms, we consider the following
baselines:
● Non-causal: This is the original, non-causal algorithm.
● Data-driven (ddSky): Here, we utilize the data-driven strategy to compute the expected gains
for each possible conditioning set and subsequently follow the clustering based approach for
computing skylines as outlined in the leaky negative path blocking skyline (lnSky) algorithm.
● Preference de-correlation: In this baseline, we consider a non-selective, preference attribute based
de-correlation strategy: we apply K-means clustering directly on the set of preference attributes,
thereby de-correlating the data without paying attention to whether this would eliminate positive
or negative correlations.

5Although LESS [21] improves upon SFS, we opted for SFS instead due to its lesser complexity and fewer hyper-parameters.
In fact, the primary optimization in LESS, the elimination filter (EF), is applied during the external sorting stage, which does
not conflict with our proposal.
6While both D&C and CSS allow for parallelization, in this section we assume sequential executions of these algorithms.
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Fig. 9. Cost of skylines with (a) synthetic and (b) real-world causal graphs (the lower, the better) – 200K data
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Fig. 10. Cost of the expected gain computation step (the lower, the better) – 200K data

-72.35%
-60%

-30%

0%

30%

60%

90%

BNL SFS SaLSa D&C BBS

%
 R

ed
uc

tio
n

Median % Reduction in Execution Time
(synthetic graphs with expected gain > 0 and Z != P)

Pref. Decor. ddSky. gnSky. lnSky. (0.6, 0.4)

-212.19% -103.74% -148.81% -183.46%
-60%

-30%

0%

30%

60%

90%

BNL SFS SaLSa D&C BBS

%
 R

ed
uc

tio
n

Median % Reduction in Execution Time
(real graphs with expected gain > 0 and Z != P)

Pref. Decor. ddSky. gnSky. lnSky. (0.6, 0.4)

(a) Synthetic causal graphs (b) Real-world causal graphs

Fig. 11. Median cost reduction (the higher, the better); for these experiments, expected gain is positive and
larger than the gain predicted for the preference attribute set (i.e., we expect to see benefits over both vanilla
skylines and preference attribute de-correlation) – 200K data

7.1.5 Evaluation Criteria. As evaluation criteria, we consider both (a) the number of dominance
checks and (b) execution time of the skyline algorithm (wall clock), which also includes the time
to de-correlate the data based on the selected de-correlation attribute set. We separately report
the time to compute the de-correlation set. Since the dominance checks show similar patterns to
execution times, we report them in the extended version of the paper [37].

7.2 Experiment Results
In this section, we present and interpret the experiment results on both synthetic and real-world
causal graphs. Importantly, since the divide-and-conquer (D&C) algorithm can be seen as the pure
de-correlation of the preference attributes, we distinguish between scenarios where there is a
conditioning attribute set predicted to perform better than conditioning on the preference attribute
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Fig. 12. Median cost reduction (the higher, the better); for these experiments, expected gain is positive and
equal to the gain predicted for the preference attribute set (i.e., we expect to see benefits over vanilla skylines,
but we do not expect to beat preference attribute de-correlation) – 200K data

-5.E+00%
-4.E+00%

-3.E+00%

-2.E+00%

-1.E+00%

0.E+00%

BNL SFS SaLSa D&C BBS

%
 R

ed
uc

tio
n 

(lo
g 

sc
al

e)

Median % Reduction in Execution Time
(synthetic graphs with expected gain <= 0)

Pref. Decor. ddSky. gnSky. lnSky. (0.6, 0.4)

-4.E+00%

-2.E+00%

0.E+00%

2.E+00%

BNL SFS SaLSa D&C BBS

%
 R

ed
uc

tio
n 

(lo
g 

sc
al

e)

Median % Reduction in Execution Time
(real graphs with expected gain <= 0)

Pref. Decor. ddSky. gnSky. lnSky. (0.6, 0.4)

(a) Synthetic causal graphs (b) Real-world causal graphs

Fig. 13. Median cost reduction (the higher, the better); for these experiments, expected gain is negative (i.e.,
we do not expect to see benefits from de-correlation) – 200K data
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Fig. 14. Median cost reduction (the higher, the better) for different numbers of tuples when using
lnSky(0.6, 0.4); for these experiments, the expected gain is positive and larger than the gain predicted for
the preference attribute set (i.e., we expect to see benefits over both vanilla skylines and preference attribute
de-correlation)

set and the cases where the causal analysis predicts that the preference attribute set itself is the
best conditioning attribute set.

7.2.1 Effectiveness of Causal Search for Skylines (CSS).

Overview. The way CSS would be used in practice is to leverage the causal version of the
algorithm if there exists a conditioning attribute set with positive predicted gain and revert to
the vanilla version otherwise. The benefits of this approach is visualized in Figure 9: As we see in
the figure, assuming that the expected gains have already been computed, both ddSky and lnSky
substantially outperform the vanilla versions, indicating that this adaptive strategy effectively
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Fig. 15. Median cost reduction (the higher, the better) for ∐︀𝜆𝑜 , 𝜆𝑏̃︀ pairs; for these experiments, expected gain
is positive and larger than the gain predicted for the preference attribute set (i.e., we expect to see benefits over
both vanilla skylines and preference attribute de-correlation) – 200K data

leverages CSS when it is predicted to be advantageous, while defaulting to the vanilla approach in
scenarios where CSS is not expected to be ideal.
Interestingly, when the lnSky algorithm is considered, SFS and SaLSa become the fastest algo-

rithms due to the significant reduction of dominance checks from which they benefit, even beating
more recent algorithms, such as D&C and BBS.

Cost of the Expected Gain Computation Step. Figure 10 shows the time required to identify
the best conditioning attribute set based on different strategies (Step 0). As we expected (see
Section 4.2), the gain computation phase of ddSky is prohibitively expensive. This prevents it from
being applicable in practice, even though it can provide significant gains in terms of execution time
as we have already seen in Figure 9. Importantly, the cost of gain computation for lnSky (which is
independent of the data size, 𝑁 ) is negligible relative to the cost of skyline computations, making
lnSky to be the more practical de-correlation strategy.

Effectiveness of the Gain Prediction. In Figure 9, we have seen that gain prediction can be
used to decide whether and how to de-correlate the data to obtain significant reductions in the
cost of skyline search. Figure 11 through 13 deep dives in the investigation of the effectiveness
of the gain prediction by focusing on the cases where (a) the expected gain is positive and better
than that of the preference attributes, (b) gain is positive but not better than that of the preference
attributes, and (c) expected gain is negative:

(a) Figure 11 presents the results for scenarios in which there exists a conditioning attribute set
with a positive expected gain, predicted to outperform conditioning on the preference attribute set. As
we see here, in these scenarios, both ddSky and lnSky significantly outperform vanilla (non-causal)
baseline algorithms as well as preference-attribute set based de-correlation. Interestingly, in the
case of real-world causal graphs, the preference-attribute based de-correlation performs even worse
than the vanilla skyline algorithms, while the proposed data- and causality-driven extensions
provide significant gains.

(b) Figure 12 shows the results for 200K data samples in scenarios where a positive expected gain
exists, but the best conditioning attribute set is predicted to coincide with the preference attribute
set itself. As expected, in the synthetic case, all strategies perform similarly with the preference-
attribute based de-correlation or ddSky. In the real data case, we see that lnSky has a somewhat
lower reduction in execution time, indicating that the causal gain prediction does not perfectly
identify these scenarios.
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Fig. 16. Median cost reduction (the higher, the better) for different numbers of de-correlation clusters when
using lnSky(0.6, 0.4); for these experiments, the expected gain is positive and larger than the gain predicted
for the preference attribute set (i.e., we expect to see benefits over both vanilla skylines and preference attribute
de-correlation) – 200K data

(c) Figure 13 shows the results for 200K data samples in scenarios where no conditioning attribute
set with positive expected gain exists7. As expected, conditioning on an attribute set with negative
expected gain significantly hurts performance. Interestingly, gnSky shows improvements in certain
cases with real causal graphs. This likely occurs because gnSky misclassifies conditioning attribute
sets: it sometimes assigns negative gain to sets that actually have positive gain. Conversely, this also
explains why gnSky performs worse than lnSky in cases with true positive gain, as it incorrectly
predicts negative conditioning attribute sets to yield positive gain. In contrast, if lnSky predicts that
a conditioning attribute set has negative gain, it should be avoided. In such cases, the non-causal
version is preferable.

7.2.2 Impact of the Number of Tuples. As we see in Figure 14, for both synthetic and real-world
graphs, performance gains improve as the size of the data gets larger, indicating that the proposed
lnSky de-correlation strategy enables the skyline algorithms to scale better with the data size.

7.2.3 Effect of the lnSky Parameters ∐︀𝜆𝑜 , 𝜆𝑏̃︀. Figure 15 shows the effect of leakage parameters on
lnSky search time. For synthetic graphs, lnSky(0.6, 0.4) performs the best. For real-world graphs, the
best option is lnSky(0.8, 0.2). In the rest of this section, we use the leakage parameter pair ∐︀0.6, 0.4̃︀
for both synthetic and real-world graphs for overall experimental setup consistency, even though
that pair is not the best option for real-world graphs.

7.2.4 Effect of Number of De-correlation Clusters. As outlined in Section 4, the proposed CSS
approach relies on K-means clusters of (suitably normalized) data to achieve selective de-correlation.
Figure 16 illustrates how the number of de-correlation clusters affects the skyline search efficiency.
As we see in the figure, a small number of clusters (on the order of 10-15 clusters for 200K data) is
sufficient to obtain the necessary de-correlation – a larger number of clusters either do not provide
additional benefits or (in the case of causal BNL) actually starts hurting the performance due to the
increasing merge overhead.

7.2.5 Impact of Inferred Causal Graphs. In the preceding experiments, we assumed that both
the causal graph structure and the corresponding edge strengths were user provided. In practice,
however, such causal knowledge may not be available. In such scenarios causal inference and
causal effect estimation techniques can help infer the underlying causal graph and causal strengths.
In this section, instead of using the user provided graphs, we use the causal graphs inferred by

7Note that for real causal graphs, we did not observe any scenario where ddSky finds a conditioning attribute set with
negative gain.
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Fig. 17. Cost of skyline computation with causal graphs inferred from (a) synthetic data (i.e., data generated
from synthetic causal graphs) and (b) real data (the lower, the better), when using lnSky(0.6, 0.4) – 200K data

the NOTEARS [67] causal inference algorithm from (a) synthetic data (i.e., data generated from
synthetic causal graphs) and (b) real-world data. Figure 17 compares the performance of lnSky(0.6,
0.4) when using causal graphs inferred by the NOTEARS algorithm with its performance when
using the user provided causal graphs, as well as with the baseline variants of the skyline algorithms.
As we see in the figure, whether the causal graphs are user provided or inferred, lnSky provides
significant gains. For data obtained through synthetic causal graphs, using inferred graphs performs
slightly worse than using the true causal graphs. Interestingly, for real causal graphs, lnSky using
the inferred causal graphs outperforms lnSky using domain-expert graphs, further demonstrating
that a perfect causal graph is not required for CSS to provide significant benefits.

8 Conclusions
In this paper, we introduced Causal Search for Skylines (CSS), a novel approach that leverages
pruning opportunities arising from positively aligned data distributions in skyline queries. CSS
exploits the causal structure of the data to selectively de-correlate attributes, preserving positive
correlations while removing negative ones. Our experiments showed that CSS achieves greater
efficiency than existing methods, and we discussed its potential limitations. We also outlined a
strategy for applying CSS in cases where it offers clear benefits while avoiding it otherwise.
One line of work we will explore in the future is to see how our divide-and-conquer style

approach can be further improved by methods, such as parallelizing the skyline computation of
individual clusters. Also, in CSS, we use the same skyline algorithm for computing both the skyline
of each cluster and also to compute the final skyline after combining the skyline output of all
the clusters; however, the skyline merge step can potentially be implemented more efficiently. In
addition to these, we plan to explore other ways of "selective de-correlation", such as arranging
the order of the variates in a causally informed manner and, generating new attributes through
combinations of the preference attributes to produce causally derived conditioning sets.
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