Data-Semantics-Aware Recommendation of Diverse Pivot
Tables

WHANHEE CHO, University of Utah, USA
ANNA FARIHA, University of Utah, USA

Data summarization is essential to discover insights from large datasets. In spreadsheets, pivot tables offer
a convenient way to summarize tabular data by computing aggregates over some attributes, grouped by
others. However, identifying attribute combinations that will result in useful pivot tables remains a challenge,
especially for high-dimensional datasets. We formalize the problem of automatically recommending insightful
and interpretable pivot tables, eliminating the tedious manual process. A crucial aspect of recommending a set
of pivot tables is to diversify them. Traditional work inadequately address the table-diversification problem,
which leads us to the problem of pivot table diversification.

We present SAGE, a data-semantics-aware system for recommending k-budgeted diverse pivot tables,
overcoming the shortcomings of prior work for top-k recommendations that cause redundancy. SAGE ensures
that each pivot table is insightful, interpretable, and adaptive to the user’s actions and preferences, while also
guaranteeing that the set of pivot tables are different from each other, offering a diverse recommendation. We
make two key technical contributions: (1) a data-semantics-aware model to measure the utility of a single pivot
table and the diversity of a set of pivot tables, and (2) a scalable greedy algorithm that can efficiently select a set
of diverse pivot tables of high utility, by leveraging data semantics to significantly reduce the combinatorial
search space. Our extensive experiments on four real-world datasets show that SAGE outperforms alternative
approaches, and efficiently scales to accommodate high-dimensional datasets. Additionally, through multiple
case studies, we demonstrate SAGE’s qualitative superiority over existing tools, and through a user study, we
validate its practical usefulness and alignment with user preferences.
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1 Introduction

Data is at the heart of data-driven decision making. We rely on trends observed in the data to
obtain insights [28] that help us make informed decisions. However, due to limitations in human
comprehensibility, data must be summarized [34, 40, 65] to enable humans discover insights from
the summaries, either directly or via visualizations [70] over the summaries. One of the most
common techniques to summarize data is aggregation. Simple aggregations involve functions (e.g,
SUM) to aggregate all rows. More nuanced aggregations involve multiple groupings of the entities
(e.g., GROUP BY GENDER, EDUCATION) and then aggregating each group separately.
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ID Gender Age Experience ... Degree Department Salary

1 Male 48 3 ... PhD IT $50,000
2 Female 32 1 ... MS Sales $20,000
3 Male 45 12 ... PhD HR $100,000

Table 1. A sample table from an employee compensation dataset.

Department, Degree, Experience, ... :
- Depart t H
(15 options) i v CrEnCs :

80,000 100,000 60,000
70,000 90,000 80,000
40,000 95,000 60,000

Gender, Race, Age, ... AVG, SUM, MAX, MIN,
(5 options) (4 options) A m FIXeD ‘

Fig. 2. A pivot table requires 4 parameters: @ row-groups, column-groups, @ aggregate attributes, and
@ aggregate functions for each aggregate attribute. Users can choose multiple values for each parameter. In
Example 1.1, Sasha has fixed @, but needs to explore @ (5 options), (15 options), and @ (4 options).

While SQL provides functionalities for any custom aggregation query, it is not suitable for
novices due to interface-related limitations. Thanks to the ubiquity of spreadsheet software—such
as Microsoft Excel [48], Google Sheets [35], Apple Numbers [38], etc.—a substantial portion of busi-
nesses (around 60% [27]) and about 2 billion people [20] use spreadsheets for data management and
analysis. These users rely on pivot tables [17], a summary of tabular data that computes aggregates
over a few data attributes, grouped by other data attributes. Most commercial spreadsheets include
a built-in and user-friendly mechanism to construct pivot tables. Spreadsheet pivot tables are par-
ticularly suitable for novices, where they can rearrange, group, and aggregate data using intuitive
interfaces such as drag-and-drop. Unlike SQL aggregates, spreadsheet pivot tables offer dynamic
user interactions, allowing interactive exploration such as drilling down, filtering, sorting, etc.

In an exploratory setting with the goal to discover interesting data trends, a key challenge in
constructing insightful pivot tables lies in selecting the right parameters, i.e., determining which
attributes to use for groupings and aggregations. This task becomes even harder for users who
lack knowledge of how the data is represented (especially when the data contains missing or
cryptic attribute names), lack domain knowledge, or work with high-dimensional data. In such
cases, users must manually explore a vast space of parameter combinations through a tedious
trial-and-error process. This involves experimenting with various combinations of (1) grouping
attributes, (2) aggregation attributes, and (3) aggregation functions, then manually assessing the
insightfulness of the resulting pivot tables. We illustrate this challenge with Example 1.1.

ExaMPLE 1.1. Sasha is investigating potential factors affecting salary across various groups in an
employee compensation dataset over 21 attributes including 1D, Gender, Age, Experience, Degree,
Department, Salary, etc. (Table 1). With an aim to discover salary discrepancies across various group
combinations, she starts with the pivot table shown in Fig. 2: she puts Gender in the row-groups
and Department in the column-groups (B); and chooses Salary as an aggregate attribute (C) and
Average as the aggregate function @
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Sasha is interested in Salary discrepancies, so her choice for (C) is fixed. However, she still needs
to explore various combinations for &), B), and (D). Sasha wishes to put demographic attributes (e.g.,
Gender, Race, Age, Marital Status, etc.) in the row-groups, as any discrepancy across different rows
will indicate discrimination, and all other attributes in the column-groups.

Sasha decides to explore 5 demographic and 15 non-demographic attributes, as well as 4 aggregation
functions: MAX, MIN, AVERAGE, and SUM. This leaves her 5 X 15 X 4 = 300 possible combinations,! and
she must carefully inspect each pivot table to identify salary discrepancies, by manually contrasting
the pivot table cells. Assuming each pivot table has 10 cells on average and it takes about 2 minutes
to examine each pivot table, Sasha needs 300 X 2 = 600 minutes (10 hours)!

Recommending Pivot Tables. Example 1.1 highlights the need for a recommendation system
that can automatically suggest the “best” pivot tables. While existing spreadsheet software, such as
Microsoft Excel and Google Sheets, are equipped with features for automatic pivot table recom-
mendation, they have several shortcomings, which we show next in Example 1.2.

ExaMmPpLE 1.2. Frustrated by manual exploration, Sasha tries the pivot table recommendations in
Google Sheets (Table 3), obtaining three recommendations. However, the recommended tables often
include too many aggregated attributes beyond her desired Salary, resulting in convoluted and large
tables. Sasha also observes that most recommendations are redundant—they default to the groupings
by Gender or Department—and lack diversity, causing her to miss out on insights involving other
data attributes. While Microsoft Excel provides nine recommendations, it utilizes only 10 out of 21
possible attributes. Additionally, it suggests meaningless aggregations like Sum(Employed Year) and
Sum(Age), revealing its shortcoming in grasping the semantics. For both MS Excel and Google Sheets,
Sasha failed to specify Salary as her intended aggregate attribute, restricting her ability to steer the
recommendations towards her needs. Lastly, Sasha asks ChatGPT for three “insightful” and “diverse”
pivot tables, focusing on average Salary. Apparently reasonable at first, she soon realizes that the
values of the pivot tables are hallucinated, exposing ChatGPT’s lack of access to the actual data and
absence of result validation. Sasha concludes that LLMs are ill-suited for this task, as they do not
explicitly enumerate and evaluate all possible options.

Example 1.2 highlights several key limitations of existing tools for automatic recommendation of
pivot tables. First, they do not cater to the user needs for a focused and adaptive recommendation
of pivot tables. Second, they focus on top-k recommendations [26, 78, 79] and do not consider
diversification [30], which may cause the users to miss certain data insights. Finally, existing
approaches do not fully leverage the data and its semantics to ensure that the suggested pivot tables
are useful, i.e., insightful and interpretable. We propose SAGE, a data-semantics-aware system for
recommending k-budgeted diverse pivot tables, which overcomes the shortcomings of the existing
approaches. We summarize the limitations of currently available tools and research work in Table 4
to contrast them against SAGE, and defer a detailed discussion to Section 8.

Problem. The problem we study in this paper is recommending a diverse set of pivot tables, under a
size constraint, while ensuring that each recommended pivot table is useful, meaning it is insightful
and interpretable. Furthermore, we want to achieve two usability goals during recommendation:
(1) adaptivity, which takes into consideration already explored pivot tables by the users, and
(2) customizability, which enables the users to guide the recommendation process by specifying
certain data attributes to prioritize.

!Sasha chose only one option for each parameter. Multiple options (e.g., Gender and Race for row-groups) will further
increase the search space of possible pivot tables.

Proc. ACM Manag. Data, Vol. 4, No. 1, Article XXX. Publication date: March 2026.



XXX Whanhee Cho and Anna Fariha

Tool Recommended Pivot Tables

(1) Average of Age, Years of Experience, Annual Bonus, Overtime Hours, Sick Days, Training
Hours, Satisfaction Score, #Projects, #Promotions by Gender

(2) Average of Performance Rating for each Gender by Department

(3) Average of Age, Years of Experience, Performance Rating, Salary, Annual Bonus, Overtime
Hours, Sick Days, Training Hours, Satisfaction Score, #Projects, #Promotions by Gender

Google Sheets [35]
- Test conducted in February 2025

(1) Count of ID by Degree

(2) Count of ID by Department

(3) Sum of Employed Year by Department
Microsoft Excel [48] (4) Sum of #Promotions by Employed Year and Degree
Sum of Age, Children, Performance Rating by Degree

)

N . . )
Microsoft Excel (Windows) version 2501 ) Sum of Children, Performance Rating, Salary by Degree

)

)

- Test conducted in February 2025 Sum of Children, Performance Rating, Salary by Department

Sum of Salary by Employed Year and Gender
) Sum of Employed Year by Gender and Degree

(1) Average Salary by Years of Experience and Training Hours
(2) Average Salary by Department and Children
(3) Average Salary by Age and Satisfaction Score

ChatGPT [54]
- Tested on ChatGPT (GPT-4o0) in February 2025

Table 3. Google Sheets recommendations are redundant and convoluted; Microsoft Excel includes meaningless
recommendations such as SUM(Age); while ChatGPT recommendations look reasonable, they are data-content-
unaware as the pivot table values are hallucinated.

Challenges. We now highlight three key challenges that are associated with the problem:

Challenge 1: semantic modeling of pivot table utility. A useful pivot table must be insightful, to
inform users of meaningful and non-obvious patterns, and interpretable, so that users can easily
and quickly extract insights from it. Prior work [24, 28, 36, 70] ignore the semantic aspect; they
use purely statistical measures to model insightfulness, without considering interpretability and
semantics of the insight. For instance, the aggregate SUM(Birth_Year) is semantically meaningless,
even if it indicates strong statistical insight. Furthermore, semantically modeling insightfulness
and interpretability of a pivot table in a multi-group setting (e.g., group by Gender, Department,
Degree) is non-trivial and is not addressed in prior work. In summary, how to model insightfulness
and interpretability of a pivot table while remaining aware of the data semantics is a key challenge.

Challenge 2: modeling table diversity. Beyond recommending insightful and interpretable pivot
tables, our goal is to also diversify the set of pivot tables. To the best of our knowledge, the notion
of diversity in the context of pivot tables is not defined in prior work. Existing diversification
approaches [12, 29-31] do not trivially extend for “table diversification”, where the items under
consideration are entire tables rather than individual tuples. Prior work for recommending insightful
data summaries [78] or visualizations [70] do not consider diversity. For pivot table diversification,
the key challenge is to develop an appropriate distance metric to model both the syntactic (e.g.,
attribute coverage) and semantic (e.g., provided insights) distances between a pair of pivot tables.

Challenge 3: developing an efficient system. Our goal is to recommend highly insightful and inter-
pretable pivot tables, while ensuring diversity among them. Unlike insightfulness and interpretabil-
ity, which can be measured for each pivot table in isolation, diversity requires considering a set of
pivot tables. Note that the number of candidate pivot tables grows exponentially with the number
of data attributes. Furthermore, finding the best fixed-sized set of pivot tables from these candidates
is identical to the minimum set-cover problem, due to the search space growing exponentially with
the number of candidates. Consequently, the problem is NP-hard in the number of candidates, which
grows exponentially with the number of data attributes. Furthermore, evaluating insightfulness
of a pivot table requires its materialization, which adds to the computational complexity. While
greedy approaches with approximation guarantees [12, 15, 30, 51, 58] can alleviate the problem
of combinatorial search, the requirement of materializing candidate pivot tables remain. Even with
approximation algorithms [3, 21, 37, 73] for efficient materialization, without aggressive pruning
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Table 4. SAGE satisfies all desirable properties. While PowerBI, Tableau, DAISY, and AutoSuggest do not
directly/always recommend pivot tables, we include them since they recommend summaries. Code for DAISY
and AutoSuggest are unavailable, thus we rely on the papers, and mark some things as unknown. LLMs are
not designed to directly recommend pivot tables but can be prompted to do so.

before materialization, far too many candidates become the bottleneck. Therefore, a key challenge
here is to develop mechanisms that can leverage semantic understanding of the data to prune
unpromising pivot tables and avoid unnecessary materialization. Another challenge is to discover
effective techniques that can “push down” [80] components of the diversity requirements to the
search process to further prevent unnecessary pivot table materialization.

Contributions. Our main contribution is development of a novel system SAGE, for recommenda-
tion of a diverse set of useful pivot tables under a budget (size) constraint. Below, we provide the
key contributions we make in this paper:

o We motivate and formalize the problem of budgeted recommendation of a diverse set of useful
pivot tables, model it as a constrained optimization problem, and establish its desiderata (Section 2).

e We provide a formal model to measure the utility of a pivot table in terms of insightfulness and
interpretability. Unlike prior work, our utility model leverages data semantics (Section 3).

o We establish the notion of pivot-table diversification, a key component of the problem we study in
this paper. Our contribution lies in the formulation of a suitable distance metric—which considers
both structural and semantic properties of pivot tables—and its application to diversifying a set
of pivot tables (Section 4).

e To ensure SAGE’s efficiency and practicality, we must tackle the NP-hardness of the problem. To
reduce the search space, we introduce aggressive semantic pruning. To expedite the recommenda-
tion process, we leverage offline computation and “push down” diversity requirements to the
search process (Section 5).

e Through an empirical analysis over 4 real-world datasets and case studies, we show that SAGE
outperforms prior approaches while staying scalable and efficient (Section 6).

e We present a user study that validates our utility model and demonstrates SAGE’s superiority
over competing baselines based on human perception (Section 7).
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(a) (b) (c) d)

Degree Department Degree, Department Department

Gender BS MS PhD Gender IT Sales BS MS PhD Degree IT Sales
Gender IT Sales IT Sales IT Sales BS 200K 100K

Male 200K 300K 1000K Male 1000K 500K Male 4 1 s 1 10 1 MS 300K 200K
Female 100K 200K 300K Female 400K 200K Female 2 8 2 3 1 2 PhD 900K 400K

Avg Salary by Gender & Degree  Avg Salary by Gender & Dept  Count Id by Gender, Degree, & Dept Avg Salary by Degree & Dept

Fig. 5. Four pivot tables over the dataset of Table 1. While (a) and (b) indicate gender-based salary gap, (c)
and (d) add additional context.

2 Recommending a Diverse set of Pivot Tables

In this section, we motivate the need for diversity and adaptivity during recommending pivot
tables (Section 2.1). Then we develop the desiderata for the problem (Section 2.2) and formalize it
(Section 2.3).

2.1 The Need for Diversity and Adaptivity

A key limitation of top-k recommendation is that it may provide redundant information, causing the
users to miss out on relatively less useful, but complementary data insights. Such lack of diversity
may even mislead the users to believe in partial insights that are “half-true”. Another shortcoming of
existing approaches is that they are not adaptive to user actions, i.e., when the user acknowledges a
recommendation, it should be excluded from the subsequent iterations. However, commercial pivot
table recommendation features are not adaptive (Table 4). We proceed to provide an example to
highlight the need for diverse recommendation to help the users get a broader picture of the dataset,
and adaptive [44, 64] recommendation to enable the user guide the recommendation process.

ExaMPLE 2.1. Recall from Example 1.1 that Sasha is interested in salary discrepancies. She initially
finds two pivot tables (Fig. 5 (a) & (b)) suggesting gender-based pay gap. However, a deeper pattern
emerges when she expands her analysis using other aggregate functions (e.g., COUNT) and discovers the
pivot tables shown in Fig. 5 (¢) & (d), which provide her an additional context that the discrepancy
stems from the hiring process: employee counts are uneven across degrees and departments. Sasha also
notes that IT employees earn more than those in Sales, and PhDs earn more than others. This indicates
degree- and department-based discrepancies, which are expected and acceptable. Sasha concludes that
males earn more on average not due to gender bias, but largely because more male PhDs work at IT?

Furthermore, in an incremental setting where Sasha iteratively requests for recommendations of a
few pivot tables at a time, she expects the system to adapt to her actions. For instance, after she accepts or
rejects the suggestions of Fig. 5 (a) and (b), the system should avoid recommending redundant pivot tables
that reiterate the same concept (gender-based salary gap) across other aspects (e.g., marital status).®

2.2 Desiderata
We now list key desiderata for a pivot-table recommendation system:

D1. Each recommended pivot table must provide insightful [24, 70] and semantically interesting
information. For instance, a significant gap in average salary across genders provides insight
into gender-based pay gap.

D2. Each pivot table must be interpretable, ensuring ease of comprehension by humans. For instance,
a concise table with 10 cells is more interpretable than one with 1000 cells.

2This phenomenon is known as Simpson’s paradox [9, 11]. While our focus is not to expose Simpson’s paradox, we show
this as a motivating use-case.
3This example does not dispute the established link between marital status and gender pay gaps.
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D3. While insightfulness and interpretability model the goodness of a single pivot table, a desirable
property for a set of pivot tables is diversity. Thus, the recommended set of pivot tables must
minimize redundancy, covering various data aspects.

D4. The system for pivot table recommendation must allow (I) customizability—allowing users to
specify the desired size of the recommendation set, degree of diversity, data scope, etc.—and
(II) adaptiveness to user actions.

D5. Finally, the system must be efficient and scalable—to ensure handling large and high-dimensional
data effectively—and accessible—in terms of cost and availability.

2.3 Problem Formulation

We now formalize our problem for a single-relation database instance (dataset) D.

Definition 2.1 (Pivot Table). Given a dataset D over a set of attributes A and the domain of
aggregate functions ¥ = {COUNT, SUM, AVG, MIN, MAX}, a pivot table T(F(V), G) takes the form:
SELECT F(V) FROM D GROUP BY G, where, G = {G1, Gy, ...} C A is a subset of attributes for group-
ing; V.= {V;,V,,...} € A is a subset of attributes for computing aggregates over; GN'V = 0
ensures that no attribute is used for both grouping and aggregation; F = {F;, F,, ...} is a set of
aggregate functions where F; € ¥ and |F| = |V|; and with slight abuse of notation, F(V) denotes
Fi(W1), F2(Vo), F5(V3) . ...

Tabular representation of a pivot table. For T(F(V), G), with |G| > 2, we fix as row-groups and
column-groups (Fig. 2) two non-empty sets R, C C G, respectively, where RUC =G,RNC = 0.

ExaMPLE 2.2. Fig. 5(c) represents a possible tabular representation for the pivot table: SELECT
COUNT(ID) FROM D GROUP BY Gender, Degree, Department. Here, R={Gender} and C={Degree, Dept.}

Pivot table canonicalization. The above mechanism allows structurally different tabular represen-
tations of semantically equivalent tables. However, we only care about the semantics of a table,
not its tabular orientation. Thus, we canonicalize a pivot table T(F(V), G) by lexicographically
sorting F(V) and G to obtain F(V)< and G, respectively, and derive the canonical pivot table
T(F(V)<,Gc). Furthermore, we obtain a canonical tabular representation of a pivot table T(F(V), G)
by assigning to the row-groups (R<) the first [%‘I elements of G< and the remaining elements
to the column-groups (C<). This process ensures that pivot tables remain organization-invariant
(e.g., transpose-invariant), i.e., T(F(V), G) and all its variants derived from different permutations
of F(V) and G result in an identical canonical tabular representation.

ExampLE 2.3. The canonical pivot table for Fig. 5(c) is: SELECT COUNT(ID) FROM D GROUP BY
Degree, Department, Gender. The canonical tabular representation is obtained by setting R< =
(Degree, Dept.) and C< = (Gender), which is simply the transpose of Fig. 5(c).

Based on the desiderata of Section 2.2, we set our goal to find a bounded sized (D4-I) set of pivot
tables such that the overall utility (D1 & D2) of the pivot tables are maximized while the set of
pivot tables meet the minimum diversity requirement (D3).

PROBLEM 2.1 (RECOMMENDING A SET OF PIvoT TABLES). Given (i) a set of possible pivot tables Ta
over a dataset D with attributes A, (ii) a function Utility : To ¥ [0, 1] that returns the utility of a
pivot table T € Ta, (iii) a function Diversity : 27> + [0, 1] that returns the diversity of a set of pivot
tables T C Ta, (iv) a budget k € N*, and (v) a threshold 0 € [0, 1], find a set of pivot tables T* C Ty s.t:

(objective) T* = argmax ), o7 Utility(T),
TCTa
(size constraint) |T*| < k, and

(diversity constraint) Diversity(T*) > 0
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Problem 2.1 balances utility and diversity by maximizing utility while putting a constraint on
diversity. Other variants of this problem are possible such as maximizing a linear combination of
the objective and the diversity constraint. More details are in Section 5.

Adaptive recommendation of a set of pivot tables. In the adaptive version (D4-1I), we discard the
already explored pivot tables by the user T, from the set 7a to obtain 7a—T,. When the user
highlights a data scope (D4-I) by specifying a subset of attributes A, CA they want to focus on, we
set the possible pivot tables to 74, .

Considerations. Multiple aggregates within a pivot table is essentially equivalent to concatenating
the corresponding single-aggregate pivot tables, i.e., T(F(V),G) = Upycry T(F(V), G). Therefore,
for simplicity and to promote interpretability, we limit each pivot table to have exactly one aggregate.
We use F and V to denote the aggregation function and attribute, respectively. We summarize the
notations used in the rest of this paper in Table 6.

A note on generalizability. While our work focuses on recommending pivot tables in spreadsheet
environments, the techniques can be generalized to recommend aggregate queries in relational
databases. Pivot tables can be represented by SQL aggregate queries involving Group-by, allowing
SAGE’s adaptation in RDBMS.

3 Utility of a Pivot Table

Based on the desiderata of Section 2.2, a pivot table has high utility if it offers insights (D1)
while being easily interpretable by humans (D2). Thus, we use insightfulness (Section 3.1) and
interpretability (Section 3.2) as the two building blocks to model utility of a pivot table.

3.1 Insightfulness

Intuitively, an insightful pivot table must involve attributes that are significant, i.e., inherently inter-
esting and relevant (Section 3.1.1). Furthermore, it should satisfy at least one of the following criteria:
(1) provide high informativeness (Section 3.1.2), (2) highlight meaningful trends (Section 3.1.3), or
(3) reveal surprising [16, 39, 65] findings (Section 3.1.4). We build on prior work [16, 24, 28, 36, 39, 70]
that model insightfulness based on only statistical properties, but significantly extend it by taking
a semantics-aware approach, enabled by LLMs [47].

3.1.1 Attribute significance. Typically, not all data attributes are of interest by humans. E.g., group-
ing data by Name is typically much less insightful than by Gender. However, semantic understanding
is required to figure out attribute significance. To this end, we consult an LLM [47] to determine
the significance of an attribute A. When attribute name is missing or semantically meaningless
(e.g., “Column 17), we first query an LLM to suggest appropriate names for attributes by providing
it with a small sample of the data. LLM’s semantic-reasoning capability allows us to achieve this

Symbol Description

D,A, D[A] Database, attributes, possible unique value combinations
G,RC Grouping attributes, row-groups, column-groups; RUC = G
FV Aggregation function and attribute

T(F(V),G) or T A pivot table for the query SELECT F(V) FROM D GROUP BY G
T, /T The row/column of T with row/column header r;/c;

T The pivot table cell with row header r; and column header c;
n,m The cardinality of D[R], D[C]

Table 6. Table of notations. We use bold letters to denote sets.
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without any domain-specific pre-configuration. To avoid noise, we employ multiple paraphrased
prompts while querying the LLM. In this work, we condition the LLM to return a simple binary
answer (yes — 1/no— 0). However, this component can be replaced by a domain-aware model
that can return the likelihood of an attribute being significant for a specific context. We compute
attribute significance of a pivot table T, Sgz : 7a + [0,1] as follows:

Ssig(T) = l_l Significance(A) (1)
Ae{V}UG
Here, Significance : A — [0, 1] denotes the probability that an attribute A € A is a significant
attribute w.r.t human interest.

ExampLE 3.1. For Fig. 5 (d), Degree, Department, and Salary, all are significant attributes. Thus,
Sg(T) =1x1x1=1.

3.1.2  Informativeness. A statistical way to measure informativeness within data is to measure
spread of the values. Intuitively, if values in a pivot table deviate from each other significantly,
the “entropy” is high, and so is the informativeness. In this work, we use deviation across different
groups to model informativeness. Unlike prior work [24, 36, 70] that only consider a two-group
setting (Male vs Female), we consider a multi-group setting.

Given a database D and a pivot table T with row-groups R and column-groups C, let D[R] and
DJ[C] be the set of row and column headers for T, respectively. E.g., for Fig. 5 (c), the row headers
are {Male, Female} and the column headers are {(BS, IT), (BS, Sales), (MS, IT), (MS, Sales), (PhD,
IT), (PhD, Sales)}. We use T;, (T%) to denote the row (column) of T with row (column) header r;
(c;). We use n and m to denote the number of rows |D[R]| and columns |D[C]| in T, respectively.

We compute the row-wise and column-wise informativeness scores S;°*" and Sflffl as follows:

T, T, |12 | 1 [T, T ||,
y, e s =y Tk

1
(;) ror;eDR]sti<y VM (Z)C,-,cjeD[C]s.ti<j yon

SPN(T) =

inf

Here, y is a normalization parameter, set to max(T) — min(T), ensuring that S;°" and Sfri’fl are
bounded between 0 and 1. Also note that while we use Euclidean distance (L, distance), any other
distance function such as L; distance can be used here. We compute the informativeness score
Sinf : 7a > [0, 1] by taking the maximum of the row-wise and column-wise informativeness scores:

Sinf(T) = max (S’ (T), SSH(T)) )

inf

ExAMPLE 3.2. We first compute the pairwise distances along the rows of Fig. 5 (d): ||Tgs, Tusl|2 =
141.4K, ||Tps, Tpppl|2 = 761.6K, and ||Tys, Tppl|2 = 632.5K. We normalize using y = 900K—100K =
800K and m = 2, resulting in normalized distances of [0.088, 0.476,0.395]. Taking an average gives us

Sirr‘l’}"(T) = 0.32. We similarly compute Sfr‘;;(T) = 0.22 and obtain S;y/(T) = max(0.32,0.22) = 0.32.

3.1.3 Trend. Trends observed in a pivot table provide insights. However, the degree of insightful-
ness hinges on two key factors: the magnitude of the trend metric and how atypical or rare it is. For in-
stance, a positive correlation between income and years of service is generally expected—employees
with longer tenures typically earn more. In contrast, a trend showing that new hires earn more on
average than long-serving employees contradicts this expectation and thus is particularly insightful.

We use two metrics to quantify the magnitude of a trend: correlation and ratio. Furthermore,
to assess the degree of a trend’s rarity, we query an LLM, which is aware of a broader semantic
context. Thus, our definition of the trend score for a pivot table combines (1) purely statistical
insights, reflected in high correlation and consistent ratio across pivot table values and (2) semantic
insights, captured through the LLM’s assessment of the trend’s atypicality.
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Correlation. We use p; j to denote the Pearson correlation coefficient between the rows T, and
T;;. Since consulting LLMs is costly, we only consider significant correlations and require the
magnitude to be at least 7,,, a customizable threshold parameter, with a default value of 50%. The
indicator function [[|p; j|>7,] denotes if the correlation between the rows T, and T, is significant.

We compute the row-wise correlation-trend score S50 : 74 +— [0, 1] as follows:

1 —
S (D) = D lpujl-lpisl = tpll - Preor(risry)
2/ rirjeD[R] st i<j

Here, P?cor(ri, rj) is the likelihood of not observing a high correlation between the groups r; and r;
determined by an LLM. We prompt an LLM “In a five-point scale from very likely to very unlikely,
how likely is it that the <F(V)> for <r;> and <r;> are <positively/negatively> correlated across
<D[C]>?", where each part within <> is replaced with actual values such as “Average Salary” for
<F(V)>. We then map the LLM-provided likelihood to a numerical value using the mappings: very
likely — 20%, likely — 40%, neutral — 60%, unlikely — 80%, and very unlikely — 100%. The intuition
behind this inverse mapping is that the more unlikely it is to observe a trend, the more insightful it is.
We compute S (T) similarly and set the correlation-trend score Seor(T) = max(S'¥ (T), S$(T)).

cor cor > ~cor

ExampLE 3.3. In Fig. 5 (d), Tgs and Tpyp exhibit a positive correlation of 98%, which is likely (from
LLM consultation), leading ﬁ;wr(BS, PhD) to be 40%. The correlation between Tps and Tys is 100% (very
likely); and Tyis and Tppp is 100% (likely). Since all correlations meet the threshold 50%, we compute
SI(T) = (0.98 X 0.4+ 1.0 X 0.2 + 1.0 X 0.4)/3 = 0.33. The column-wise correlation-trend score

cor
SU(T) = (0.98 X 0.4)/1 = 0.39. Thus, Scor(T) = max(0.33,0.39) = 0.39.

cor

Ratio. Since correlation fails to capture the relative magnitude, we use ratio trends based on persistent
ratios between two groups, e.g., Tppp earning at least 5X more than Tgg across all departments. Like
correlation, LLMs inform us the rarity of ratio trends. We compute the row-wise ratio-trend score
Srow : Ja — [0, 1] as follows:

ratio

1 1 —

Si;tvit)(T) =T Z (1 - _) . [[ﬂi,j > Tn']] . Prratio(ris rj)
( ) TTi
2 ri,rj ED[R] LJ

Here, 7; ; denotes the minimum element-wise ratio between T;, and T;,, i.e., the smallest factor by
which any value in T;, exceeds its corresponding value in T;,. To reduce LLM consultation cost,
we use a threshold 7, and require 7; ; to be at least 7, before consulting an LLM. While we set
7, = 2.0, it is a customizable parameter (but must be > 1). ﬁ;ratio(rl-, rj) denotes the LLM-provided
likelihood of not observing the ratio trend between T, and T;,. Note that for any i and j, at most
one of 7; ; or 7; can contribute to this score, hence we fix the scaling factor to (). We normalize
the trend magnitude by subtracting the inverse of 7; ; from 1, so that larger ratios yield higher
scores. We compute the column-wise ratio-trend score S (T) similarly and set the ratio-trend

ratio
score Spatio (T) = max(S™% (T), Sf;tlio(T)).

ratio
ExaMmpLE 3.4. In Fig. 5 (d), the minimum ratio between Tyis and Tps is 1.5; between Tpypp and Tps is
4.0; and between Tpyp and Tys is 2.0. After applying the threshold t,, = 2.0, the ratio trends for (Tppp,
Tyms) and (Tppp, Tgs) are retained. The LLM returns the likelihoods: [Very Unlikely, Unlikely] —
[1.0,0.8] for these two trends. This gives us the row-wise ratio-trend score ST (T) = (3/4 X 1.0 +

1/2 % 0.8)/3 = 0.37. For the column-wise ratio-trend score, no pair satisfies the threshold requirement
and thus the score is 0.0. Therefore, the ratio-trend score Sy,(T) = max(0.37,0.0) = 0.37.

Finally, we compute the trend score by taking the maximum of the correlation-trend and ratio-
trend scores:

Strend (T) = max (Scor ( T), Sratio (T)) (3)
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ExAMPLE 3.5. For the pivot table of Fig. 5 (d), we computed the correlation-trend score as 0.39 in
Example 3.3 and the ratio-trend score as 0.37 in Example 3.4 Thus, Syenqa(T) = max(0.39,0.37) = 0.39.

3.1.4 Surprise. Surprising values or outliers often indicate insights. E.g., in Fig. 5 (d), T;ED is ex-
ceptionally high (900K) in its column. While such outliers can be insightful, not all are. Some, like
this one, are expected: IT is high-paying, and PhDs earn more. In contrast, an unusually high ngles
would be surprising, and thus insightful. Beyond simply identifying outliers, we incorporate the
unexpectedness of observing outliers using LLM’s semantic knowledge. We compute the row-wise

surprise score StV : 7a +— [0, 1] as follows:

1
Sae (1) = ;ZrieD[RJ OutlierScore(Ty,)

Zceori ?;outlier(risC,Tr‘;)
where, OutlierScore(Ty,;) = [0, 1+ ,
0, otherwise

Oy, = {¢j € D[C] s.t. |Ty) — u(Ty)| = 79 - o(Tr,)}

if |0y, > 0

O,, is the set of column headers for each outlier in T;,. E.g., Opnp = {IT}, if 900K is an outlier for

the row Tppp. We ensure that the score increases with the number of outliers by subtracting the
inverse of their count from 1. Since even a single outlier matters, we add 1 to the denominator
to ensure that even one outlier results in a score multiplier of 0.5. The threshold 7 is set to 4,
since, assuming normal distribution, 99.99% of the population is expected to lie within 4 standard
deviations from the mean [33]*; and anything outside this range is an outlier. ﬁouther(ri, c, T,'“:)
denotes the LLM-obtained likelihood of T;% not being an outlier w.r.t T,,. We compute sel(T)
similarly and compute the surprise score:

Ssur (T) = max (ST (T), SSH(T)) (4)

Computing Insightfulness. A pivot table is insightful if it exhibits any of the characteristics:
informativeness, trend, or surprise. Thus, we take the maximum of Siyf, Strend, and Ssyr (Equations 2,
3, and 4) to compute Insight fulness : 74 — [0, 1]. To prioritize pivot tables involving significant
attributes, we scale this score by Sgg.

Insight fulness(T) = Ssig(T) - max (Sinf(T), Strend (1), Ssur(T)) (5)

EXAMPLE 3.6. For the pivot table of Fig. 5 (d), the attribute significance score Ss;e(T) = 1 (Exam-
ple 3.1). The informativeness score Si,(T) = 0.32 (Example 3.2), the trend score Syena(T) = 0.32
(Example 3.5), and since there is no outlier in the pivot table, the surprise score Sq,(T) = 0.0. Thus
Insight fulness(T) = 1 X max(0.32,0.39,0.0) = 0.39.

Remark 1. Presence of outliers can inflate the normalization factor y (Section 3.1.2), causing Siyf to
shrink significantly due to the compression of the value range of non-outliers. However, such cases
typically yield a high S, complementing the low Sipf.

Remark 2. The Max operator used in Equation 5 may favor the component with the highest mean,
without considering their distributions—a common challenge in multi-criteria decision making [53].
However, standardizing all components to the same mean can distort their relative importance. E.g.,
if all pivot tables have uniformly low informativeness (with low variance) but uniformly high trend
(with low variance), normalization would artificially inflate informativeness and suppress trend,
leading to incorrect selections. The Max operator retains the strongest signal without distorting
component distributions through forced standardization. Nevertheless, SAGE is agnostic to the
choice of the formula to compute Insightfulness and any linear formula would work.

“4Pivot tables may not be normally distributed. This heuristic ensures simplicity, but can be replaced with other methods.
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3.2 Interpretability

A key measure of a pivot table’s utility is interpretability, which takes into account the cognitive
constraints of humans. Consider the aggregate SUM(AGE), row group Degree (3 values), and column
groups Employed_Year (14 values) and Department (2 values), which results in an 84-cell pivot
table. Its interpretability suffers due to three reasons: (1) High sparsity resulting from many value
combinations yielding empty sets—e.g., no MS hire in 2011 for the IT department (Section 3.2.1),
(2) Semantically invalid aggregate SUM(AGE) (Section 3.2.2), and (3) Excessive #columns (14 X 2 = 28)
from fine-grained yearly grouping, compromising conciseness (Section 3.2.3). We proceed to describe
three desirable interpretability properties.

3.2.1 Density. Since each pivot table cell maps to a data subset under a specific value combination
(e.g., MS hires in IT in 2011), empty subsets can occur. When aggregated, these empty subsets
produce null values. However, excessive nulls hinder interpretability [1], as humans struggle to
draw insights from sparse tables. This motivates a key interpretability criterion: high density. We
compute the density score Sgen : Ta > [0, 1] as follows:

Y (rueyenrixppe) [Ty, # nulll]

n-m

Sden(T) = (6)

ExaMmpLE 3.7. The pivot table of Fig. 5 (d) has 3 rows and 2 columns (total 6 cells) and no null values.
Hence, Sgen(T) = 52 = 1.0.

2X3

3.2.2  Semantic validity. Row and column headers in a pivot table represent unique values of the
grouping attributes in G. For interpretability, these headers must be semantically meaningful [8].
E.g.,Degree with values {MS, BS, PhD} is interpretable, while a functionally equivalent Degree_ID
with values {1, 2, 3}isnot, due to the lack of direct semantic meaning [23]. Similarly, the aggregate
function F must be semantically valid w.r.t V: AVG is semantically valid for AGE, but SUM is not [43].
Though intuitive for humans, such judgments require domain knowledge. Thus, we leverage an
LLM to mimic human reasoning and assess aggregation semantics. We define the semantic validity
score of T(F(V), G) based on two criteria: (1) whether the data types of attributes in G are textual,
and (2) the extent to which F is semantically valid w.r.t V.

[{A € G s.t DataType(A) is Text}|
|G

We compute Prags (F, V) from an LLM-generated ranking of F € ¥ based on its semantic validity
w.r.t V. We score the best function 1.0, the next 0.8, and so on, which ensures that Sg.y (T) € [0, 1].

Ssem(T) =

* Pragg(F, V) ™)

ExaAMPLE 3.8. The pivot table of Fig. 5 (d), contains only textual headers. LLM responds to our prompt
“Rank the functions COUNT, AVG, SUM, MIN, and MAX, based on their appropriateness for analyzing
Salary” with {AVG, ...}. Thus, Ssem(T) = 2 X 1.0 = 1.0.

3.2.3 Conciseness. While multiple grouping attributes may enhance insightfulness, too many cells
reduce comprehensibility [57], and, thus, interpretability. To model this, we define conciseness
score Scon : Ta > [0, 1] using a piecewise function [25]:

1

—_ T
~
1-2|T), if |T| < 7 3 :
Seon(T) = ° fol
con(T) {(l_zfc)e—mn—m, if 7] > 7 ®) e
‘It

Here, |T| denotes the number of cells in T. This formula captures the intuition that interpretability
declines gradually at first, but drops sharply once |T| exceeds a threshold 7, set to 16. We apply a
3% linear decrease (z = 0.03) until |T| exceeds 7., and an exponential decay at a rate of 50% (A = 0.5)
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beyond that. This is grounded in cognitive load theory [7, 50], which states that performance
declines sharply when cognitive demand exceeds working-memory capacity.

ExaMPLE 3.9. The pivot table of Fig. 5 (d) has 6 cells. Since 6<16, we compute the linear part:
1-0.03X6=0.82. Thus, Scon(T)=0.82.

Computing Interpretability. Unlike insightfulness, where a strong signal from any single type
of insight is sufficient, interpretability demands that all criteria be met simultaneously. Therefore,
we compute Interpretability : Ta — [0, 1] as the average of the three scores: Sgen, Ssem, and Scon
(Equations 6, 7, and 8):

Sden(T) + Ssem(T) + Scon(T)
3

ExAMPLE 3.10. For Fig. 5 (d), we obtained values for Sgen (T), Ssem (T), and Scon, (T) to be 1.0, 1.0, and
0.82, respectively, in the previous examples. Thus, Interpretability(T) =(1.0+1.0+0.82)/3=0.94.

Interpretability(T) = ©

3.3 Computing Utility

We now define Utility : 74 + [0, 1] of a pivot table T by combining Insightfulness (Eq. 5) and
Interpretability (Eq. 9). To balance their contributions, we introduce a tunable parameter «, set
to 0.5 by default to give equal weight to both components. However, « can be adjusted to reflect
application-specific preferences.

Utility(T) = a - Insight fulness(T) + (1 — @) - Interpretability(T)

ExampLE 3.11. For Fig. 5 (d), the Insight fulness and Interpretability scores are 0.39 and 0.94,
respectively. Thus, Utility(T) = 0.5 X 0.39 + 0.5 X 0.94 = 0.67.

Need for a new Utility Model. Our Utility model significantly extends prior work that address related
problems [14, 24, 28, 36, 70, 76]. First, prior work ignore the semantic validity of the summary
structure, which directly affects interpretability (e.g., SUM(Birth_Year) or AVG(Zip_Code) are invalid;
{val_1, val_2}is less interpretable than {Large, Small};and Gender is a more interesting grouping
attribute than Employee ID). Second, prior work rely solely on statistical signals. For example,
SeeDB [70] uses an EMD-based deviation metric, which is just one of the seven components of our
Utility model, while others [28, 76] use value-proportion and statistical-significance tests. Moreover,
they do not support multi-group reasoning, required in our setting involving pivot tables. But most
importantly, they lack semantic awareness to validate an apparent data insight. For instance, “a
significant deviation in average height between toddlers and adults” will incur a high score based on
their metrics. However, such deviation is trivially expected. In contrast, even a moderate “deviation
in average height across socio-economic groups” indicates an interesting insight. Third, these
methods ignore quality factors, such as NULL values in some groups in the data summary (which
yields empty bars for visualization). In general, most prior work do not incorporate various aspects
of interpretability in their utility models. The above shortcomings of the prior work motivates a
semantics-aware and interpretability-focused Utility model, like ours, that identifies insights that
are meaningful in real-world contexts, not merely statistically distinct.

4 Diversity in a Set of Pivot Tables

While utility quantifies the goodness of a single pivot table in isolation, diversity captures how well
a set of pivot tables, collectively, provide complementary and unique perspectives on the data (D3).
High diversity in a set of pivot tables is achieved when the pivot tables are distant from each other
with respect to data coverage and the insights they provide.
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Diversity. Following Max-Min diversification [2], we define diversity of a set of pivot tables
T ={T},T,,...} by the smallest pairwise distance between T’s elements. More formally, given a
symmetric distance function dist : 7a X 7a > [0, 1], we define diversity : 274 + [0,1] of a set of
pivot tables T C 74 as follows:
Diversity(T) = Ti,Tjgll“lsn.t. - dist(T;, Tj)

Distance between pivot tables. A simple heuristic to model dist is the degree of disjointness between
the attributes that define the pivot-table queries—if two pivot tables operate on the same set of
attributes, the distance is 0; for completely disjoint set of attributes, the distance is 1. However,
this heuristic fails to account for the structural semantics of the pivot-table queries and the content
semantics of the data in the pivot tables. To this end, we employ a semantics-preserving embedding
function E : 7a +— [—1, 1]?, which maps a pivot table T € 74 to a p-dimensional vector. Then, we
compute distances between pivot tables in this embedding space:

— cosine_similarity(E(Ty), E(T;))
2

Here, cosine_similarity : RP xRP — [—1, 1] is a widely used measure for comparing embeddings [5,
60]. We divide by 2 to achieve normalization s.t dist(T}, T,) € [0,1].

1
diSt(Tl, Tg) =

Pivot-table embedding. Pivot-table embedding should capture both the syntactic and semantic
characteristics of the pivot table. To this end, we combine the query embedding Ep and the content
embedding Ec through concatenation, i.e., E(T) = [Eg(T); Ec(T)]. Concatenating embeddings
is a widely used technique in machine learning, natural language processing, and multi-modal
learning [84].

Query embedding. Queries define the structural intent of a pivot table. While they reference data
attributes and are aware of the schema, they are agnostic to the pivot table’s content. Thus, the
same pivot-table query over different database instances with an identical schema should yield
the same query embedding. Effective query embeddings must also capture the semantics of the
attribute names and reflect the query semantics. E.g., GROUP BY Income and GROUP BY Salary
are semantically similar and should therefore be close in the query-embedding space. To this end,
we use T5 [59], a natural-language encoder fine-tuned over a Text-to-SQL dataset [82], to obtain
the query embedding Eg : 7a — [—1,1]'%%%

Content embedding. The content embedding must capture both the statistical and distributional
properties of the pivot-table data and structural relationships among its attributes and tuples. In
this work, we leverage TAPEX [45], a pre-trained encoder trained on sentence-table pairs, which is
designed to understand both the structure and content of tabular data. This results in a content
embedding Ec : Ta — [-1,1]1%%,

5 The SAGE Algorithm

We now present a solution to Problem 2.1, which is to recommend a k-budgeted set of pivot tables
with maximum utility under a diversity constraint. This is an instance of the NP-hard Maximum
Weight Independent Set (MWIS) problem [61] with complexity O(|7a|¥) in the size of the search
space (7a in our case). Furthermore, 7a grows combinatorially with |A| (the number of data at-
tributes), leading to an exponential growth. Approximation techniques exist for special cases
of MWIS and related problems [13, 42, 52, 61] and alternative formulations are possible such as
incorporating diversity into the objective or solving the dual version that maximizes diversity [2]
under a utility constraint. However, in SAGE, we adopt a simple greedy approach (Section 5.2) for
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two key reasons: (1) Interactive response time is desirable for our problem settings and a greedy
approach achieves linear time complexity of O(|7a]). (2) As we demonstrate in Section 6, our greedy
approach works remarkably well in practice over real-world datasets, almost always matching the
exact solution.

5.1 Optimizations

The linear-time complexity of the greedy approach is still prohibitive for practical use for two rea-
sons: (1) Computing the Utility of candidate pivot tables requires their materialization, which is com-
putationally expensive—especially since 74 grows exponentially with |A|. (2) Some components of
Utility relies on the LLM, whose inference latency is a bottleneck [69, 71]. To address these efficiency
challenges (D5), we introduce two offline optimizations: (1) Candidate pruning: based on the query
structure of the pivot tables, we eliminate potentially low-utility ones before materialization, thereby
significantly reducing the search space and avoiding many materializations (Section 5.1.1). (2) A light-
weight proxy model: tailored to the dataset, it approximates LLM inferences efficiently (Section 5.1.2).

5.1.1  Pruning. To prune pivot tables likely to yield low utility without materialization, we lever-
age three components of Utility (Section 3.3): C-I: attribute significance (Section 3.1.1) used in
Insightfulness (Eq 5), C-1I: semantic validity (Section 3.2.2), and C-III: conciseness (Section 3.2.3)
used in Interpretability (Eq 9). These choices are motivated by computational efficiency, as these
components require knowledge of only the pivot-table query, which defines the structure of the
pivot table—such as which attributes are used, number of cells, etc.—and do not require a full
materialization over the dataset.

While Insightfulness selects only the maximum among multiple components, Interpretability aver-
ages out three components—two of which are C-II and C-III above. This enables effective pruning of
pivot tables that already show low scores for C-II and/or C-III. Furthermore, since C-I interacts in a
multiplicative way with other components of Insightfulness (Eq 5), a low value will inevitably result
in low Insightfulness, making it an ideal choice. Our pruning algorithm works as follows: we evaluate
scores for the above three components and over-approximate Utility (Section 3.3) by assigning
maximum possible values for all other components whose values are unknown. Through this conser-
vative estimate, we discard candidates with a score below a threshold (a system parameter set to 0.5).

5.1.2  LLM-proxy. Recall that the computation of pivot-table utility requires LLM inferences (Sec-
tion 3), and querying LLMs is time-consuming in practice. Even if we cache the LLM responses, any
change in the underlying data or user-specified parameters (D4) would require LLM re-consultation.
To expedite this process, we train a cheap but significantly faster decision-tree classifier to mimic
LLM behavior, serving as an “LLM-proxy” during the online phase of SAGE (Algorithm 1). We train
the classifier over 10,000 LLM prompt-response pairs, where we generate potential LLM-queries
based on the dataset. The proxy model is a simple predictive model to answer the fixed-template
questions discussed in Section 3. No re-training of this proxy model is required as long as the data
distribution and overall trends in the dataset remain unchanged. While training with additional
prompt-response pairs or employing more complex classifiers can further improve the accuracy
of this proxy model, we show empirically in Section 6.1 that 10,000 prompt-response pairs already
provide reasonable accuracy for practical applications.

5.2 SAGE: Greedy Algorithm

Algorithm 1 shows the SAGE workflow. Line 1 denotes the offline pruning step and lines 2—4
show the steps for LLM-proxy training. The online phase is shown in lines 5-14. The pivot tables
that survive the pruning step are materialized in line 6, we then compute their Utility scores
(line 7) and sort the pruned candidate set of pivot tables by descending order of utility (line 8). The
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Algorithm 1: SAGE algorithm

Input :Database D,
Unmaterialized candidate pivot table set 7,
Diversity threshold 6,
The desired number of pivot tables k
Output :A high-utility set TC73 s.t. |T|<k and Diversity(T)>0

/* Offline phase: executed once for each dataset. Re-executed if the schema changes or major change

happens in the data distribution. */
/* Prune candidate set based on pivot-table structure (Section 5.1.1) */
Pr
1 7" < Prune(7a)
/* Building LLM-Proxy (Section 5.1.2) */
2 Q «— list of questions about D /% Generate prompts for the LLM %/
3 R« LLM-ReSpOIlSC(Q) /% Get responses from the LLM %/
4 LLM-Proxy < Train(Q, R) /% Train a proxy prediction model */
/* Online phase: executed whenever the data changes. */
/* Materialize and compute utility based on pivot-table contents */

5 foreach T € 71'{’ do
L Materialize T over D

o

7 Compute Utility(T) /% Section 3.3 %/
8 711Pr = sorted(?f’) /* Sort by the descending order of Utility */

/* Greedy selection (Section 5.2) */
9 T« 0 /* Initialize an empty set */
10 while |T| < k do
11 foreach T € ‘723 " do

/% No pivot table in T is within O distance away from T */

12 if AT € T s.t. dist(T,T’) < 6 then
13 L T TU{T}

14 return T

greedy selection phase (lines 9-14) selects pivot tables greedily while ensuring that they satisfy the
diversity constraint w.r.t the already selected ones in T. If a candidate pivot table is at least 8 away
from all the previously selected tables, we include it to T (lines 12—13). The algorithm terminates
when we have selected k pivot tables or no more candidates satisfy the diversity constraint.

5.3 SAGE": A Practical Variant

Even after the two optimizations, SAGE may not ensure interactive speed especially when the
dataset has millions of tuples or hundreds of attributes, hurting it’s practical adoption. To this end,
we propose SAGE*, a variant of SAGE that incorporates sampling and approximation techniques to
ensure practically acceptable runtimes in an interactive setting, which is essential for spreadsheet
environments. Specifically, to handle high-cardinality and high-dimensionality, it (i) uses 20% of the
data samples when the dataset is large (e.g., contains 1M+ tuples or 100+ attributes) for candidate
pivot-table generation, (2) uses 10% subsampling for approximating Trend (Section 3.1.3) and Sur-
prise (Section 3.1.4) scores, and (iii) applies dimensionality reduction using Johnson-Lindenstrauss
lemma [41], which preserves pairwise distances up to a distortion factor ratio € = 0.2, for approxi-
mating the Informativeness score (Section 3.1.2). Furthermore, SAGE* uses multiple cores (12 in our
experiments) for parallelizing computations. Note that SAGE" does not improve the theoretical
runtime complexity compared to SAGE; instead, it provides practical enhancements that ensure
better suitability for practical use.
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6 Experimental Results

We now present experimental results to demonstrate the efficacy of SAGE in practical settings to
address the following research questions:

e (Q1) How do SAGE’s runtime and recommendation quality compare quantitatively with those of
existing methods? (Section 6.3)

e (Q2) What is the effect of the optimization techniques—pruning and LLM-proxy—on SAGE’s
runtime performance? (Section 6.4)

¢ (Q3) How well does SAGE scale with data growth? (Section 6.5)

¢ (Q4) How do key parameters (budget k and diversity threshold 0) influence the quality of SAGE
recommendations? (Section 6.6)

e (Q5) How do SAGE recommendations qualitatively compare against commercial software and
LLMs over real datasets and how does SAGE adapt based on user feedback? (Section 6.7)

6.1 Experimental Setup, Datasets, and Baselines

6.1.1  Setup. All experiments were run on machines with 256 GB RAM running Ubuntu 22.04 LTS
with CPU 12 cores and GPU NVIDIA H100 96GB with CUDA 12.8. We implemented our solutions
(available publicly [19]) with Python 3.10.3. For embeddings, we utilized TAPEX-large [49] and T5
trained by Spider [4]. We employed Llama-3-7B [46] as the LLM for semantic consultation.

6.1.2 Datasets. We used four real-world datasets with varying domains and sizes.

— Marketing [6] contains 2,240 tuples and 28 attributes (19 categorical and 9 numerical), capturing
demographic and behavioral information about customers like marital status & purchase history.
— Video [67] comprises video game sales from various countries, platforms, and release years,
containing 16,600 tuples across 11 attributes (7 categorical and 4 numerical).

— House [56] contains information about property sales, comprising 1,460 tuples and 81 attributes
(58 categorical and 23 numerical).

— CoverType [10] is a large dataset with 581,000 tuples and 110 attributes, containing tree obser-
vations across a National Forest.

6.1.3 Baselines. Since no open-source tool or academic work directly addresses our problem, we
include commercially available software as baselines, despite not being open-sourced.
Brute-Force considers all possible k-sized pivot table sets and follows an exhaustive approach to
solve Problem 2.1. In the absence of ground truth, its results can be treated as the optimal solution.
Top-k ranks candidate pivot tables in descending order of their utility scores and selects the top-k,
without accounting for diversity. For fair comparison, we applied our optimizations here.

LLM refers to Llama-3-8B-Instruct by Meta [46], a transformer-based large language model. We
prompted it with a data sample and asked for interesting and diverse pivot tables in natural language.
DAISY [78] is a query recommendation system trained on crowdsourced “interesting” queries. Due
to the original model and data not being available, we did our own implementation. We generated
insightful pivot tables from Auto-Suggest [79], created negative training data by replacing attributes
in the positive tables with random ones, and trained a binary classifier to distinguish them.
Microsoft Excel [48] is a widely used commercial spreadsheet software that offers built-in pivot
table recommendations. We used the Windows version 2501.

PowerBI [22, 28], by Microsoft, is a business intelligence software that offers “quick insights” in
various forms. For comparison, we only considered ones that align with our format of pivot table.
Google Sheets [35] is an online spreadsheet software known for easy collaboration, which recom-
mends pivot tables. We used the browser version during February, 2025.
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Dataset Correlation Ratio Surprise
Marketing 89% 88% 65%
Video 92% 91% 61%
House 88% 87% 63%
CoverType 90% 90% 66%
Average 90% 89% 64%

Table 7. Likelihood prediction accuracy of the LLM-proxy model across datasets.

6.2 Offline Phase

As discussed in Section 5.1, SAGE relies on two offline optimizations: pruning (Section 5.1.1) and
developing an LLM-Proxy model (Section 5.1.2). The LLM-Proxy model is composed of a decision
tree whose parameters are learned from a training dataset of prompts and their corresponding
answers retrieved from Llama-3-7B [46]. We generated 10,000 prompts—for each of correlation
(Section 3.1.3), ratio (Section 3.1.3), and surprise (Section 3.1.4)—splitting the resulting datasets
80/20 into training and test sets. We configured the decision tree to have a maximum depth of
15 and used the Gini function as the splitting criterion. On average, across the four datasets, the
LLM-Proxy model achieved an accuracy of 90%, 89%, and 64% for correlation, ratio, and surprise,
respectively. Table 7 reports the accuracy of our proxy models across the three components for
each dataset. The results are consistent across datasets, with surprise showing moderate accuracy,
while both correlation and ratio achieve relatively high accuracy.

6.2.1 LLM-proxy training time. The training time for the LLM-proxy model was 2,742 seconds for
surprise and 3,171 seconds for trend (correlation and ratio) for the marketing dataset; 1,404 seconds
for surprise and 3,129 seconds for trend for the video dataset; 3,599 seconds for surprise and 3,087
seconds for trend for the house dataset; and 1,473 seconds for surprise and 3,569 seconds for trend
for the CoverType dataset.

6.2.2  Pruning time. The offline pruning step takes 1.57 seconds for the house dataset (780,840 com-
binations), 0.04 seconds for the video dataset (2,145 combinations), 2.73 seconds for the marketing
dataset (43,848 combinations), and 16.51 seconds for the CoverType dataset (2,785,120 combinations).
Although the house dataset contains far more combinations than the marketing dataset, its pruning
time is smaller. This is because the pruning process first computes attribute significance, and only if
the attribute is considered interesting, it proceeds to compute interpretability. For the house dataset,
only a small number of attributes are considered significant, resulting in far fewer computations
for interpretability, and, therefore, a shorter pruning time. On average, the offline phase took about
92 minutes per dataset, which includes both pruning and LLM-pProxy training.

6.3 Contrasting against Baselines

Table 8 contrasts SAGE against the baselines across three datasets. Our primary metrics for com-
parison are Utility (Util) and Diversity (m-dist). However, since Insightfulness and Interpretability
constitute Utility (Section 3), we report them for additional context. The results show that SAGE
effectively balances utility and diversity, outperforming approaches like Top-k, which inherently
lack diversity. For Marketing, SAGE achieves a strong overall performance, ranking either best or
second-best in both metrics. Notably, when SAGE marginally loses in terms of diversity, that is
usually complemented by significantly higher utility. For example, in Marketing, k = 10, LLM’s
diversity (0.20) is more than SAGE’s diversity (0.11). However, LLM’s utility (3.69) is about half of
SAGE’s utility (7.44). A similar situation is seen for k = 3 where GSheets yields only 30% of SAGE’s
utility. Recall that SAGE’s goal is to just satisfy the diversity constraint, not maximize it.
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Marketing Video House
#PT T(s) Ins Int Ut ijl\:' hgmp #PT T(s) Ins Int Ut "]13‘1[:; hc]iinvdp #PT T(s) Ins Int Util “?_(}‘\; hc?lli::ap
Top-k 3 147 286 223 255 039 [ 64 199 127 163 006 [o 32 226 213 220 009 [
o | DAY 323 054 148 101 o016 [ 3 21 163 100 132 004 MG 3 455 023 117 070 044 [
?5' LLMs 3 15 016 175 096 016 [ 325 001 058 029 032 [ 330 007 055 031 006 [
S |PowerBI | 3 9 091 094 093 o041 [ 36 091 094 093 036 [ 315 050 176 113 036 [
E GSheets | 2 1 000 167 083 056 Mg 31 004 059 031 032 [ N
E Excel 301 029 242 135 o014 [ 31 014 216 115 o021 [ 31 000 187 093 031 g
SAGE 3 161 286 223 255 045 [ 369 199 127 163 030 [ 3 2 221 209 215 o021 [
SAGE* 3 23 276 223 250 032 [ 317 147 163 155 030 [ 32 209 206 207 022 [E
Top-k 5 148 476 372 4.24 o011 [ 5 64 331 203 267 005 B 5 2 377 356 3.66 005 [
] | DAISY 5 23 054 251 152 016 [ 5 21 257 167 221 004 [ 5 455 023 184 104 029 B
?cs LLMs 5 22 093 294 194 031 [ 5 20 018 086 052 003 [ 5 44 007 075 041 013 [
% PowerBI | 5 9 020 423 221 025 [ - - - - 5 15 050 299 174 036
f‘l% Excel 5 1 029 398 213 008 [ 1 031 328 180 004 B 5 1 000 305 152 008 B
~< | SAGE 5 161 476 370 423 033 [3 5 69 331 203 267 030 [ 5 2 342 352 347 020 [
SAGE* 5 23 467 367 417 030 [ 5 17 180 292 236 023 [R 5 2 265 346 306 022 [
Top-k 10 147 953 744 849 0.02 10 64 406 550 4.78 0.05 10 2 757 702 730 005 [
DAISY 10 23 054 422 238 012 10 21 409 333 371 002 [ | 10 455 023 328 175 0.1
= | LiMs 10 32 170 567 369 020 10 28 074 224 149 004 [ | 10 43 026 172 099 0.02
i PowerBI | 9 9 020 4838 254 0.09 - - - - - 10 15 050 599 324 0.14
T | Bxcel 71 029 530 279 0.08 9 1 031 471 251 001 [ 7 1 000 397 198 008
SAGE 10 161 558 953 744 011 10 69 406 550 478 0.11 10 2 755 691 7.23 010
SAGE* | 10 23 949 744 847 0.0 10 17 054 556 305 010 10 2 613 692 652 010

Table 8. Comparison with baselines across three datasets and three values of k. For k = 3 and k = 5, we used
0 = 0.30 on Marketing and Video, and 8 = 0.20 on House. For k = 10, 6 = 0.10 was used across all datasets.
Columns show the number of pivot tables recommended (#PT), elapsed time (T, in seconds), Insightfulness
(Ins), Interpretability (Int), Utility (Util), and Diversity (Div) in terms of minimum pairwise distance (m-dist)
and a distance matrix visualization (heatmap). In the distance matrix, the diagonal is black, denoting 0 self
distance from a pivot table to itself. Lighter colors denote less similar pairs, offering diversity. For Excel,
PowerBl, and Google Sheets, k cannot be controlled. Thus, we consider the first-k items when more than k
are returned. Google Sheets fails to produce more than 3 recommendations, thus, we exclude it when k > 3.
The best values in Util and m-dist are marked as bold and the second best underlined.

For Video, SAGE outperforms all baselines across all cases in utility and two cases in diversity.
SAGE and Top-k’s similar performance can be attributed to the dataset attributes, such as North-
America Sales and Europe-Sales, which possess similar value ranges, leading to comparable utility.
For House, Top-k marginally outperforms SAGE in utility, but at the cost of very low diversity.
SAGE diversity is relatively poor here, because the pruning phase retained only 11 of 81 attributes,
where others used all attributes.

While Top-k achieves high utility by design, it fails to diversify. LLM performs well on Marketing
but struggles on Video and House, because Marketing has many categorical values, which LLMs
are adept at interpreting and utilizing for diverse recommendations. DAISY shows good diversity
because it predicts most insightful tables, benefitting diversity. While PowerBI demonstrates good
diversity across the board, it typically yields poor utility. Google Sheets demonstrates good diver-
sity on Marketing and Video, however, its recommendations are limited to a small set of tables,
leading to low utility. It also fails for House due to high dimensionality (81 attributes), indicating
its limitation in handling complex, high-dimensional datasets. Excel consistently shows reasonable
utility, but with low diversity, due to allowing significant column overlaps.
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Approach BruteForce No PR/PX NoPR NoPX SAGE
#Pivot Tables (PTs) 130 130 130 20 20
#PT combinations 8,385 N/A N/A N/A N/A
«~ Runtime (s) 5,817 4,971 76 492 23
; Utility (%) 100 100 97 100 97
- Insightfulness (%) 100 100 94 100 94
- Interpretability (%) 100 100 100 100 100
#PT combinations 286M N/A N/A N/A N/A
1» Runtime (s) 19,604 4,971 76 492 24
; Utility (%) 100 100 97 100 97
- Insightfulness (%) 100 100 92 100 92
- Interpretability (%) 100 100 100 100 100
PR = Pruning optimization No PR/PX = Plain greedy, no optimization
PX = LLM-Proxy optimization SAGE = Greedy + PR + PX

Table 9. Comparison among variants for 8 = 0.1 on the Marketing dataset over 5 attributes. We report the
runtimes for the online phase for SAGE and other variants when optimizations are applied.

In most cases, the practical variant SAGE* shows slight reduction in the utility score. However,
the runtime gain is significant compared to SAGE, e.g., from 161s to 23s for Marketing. Since SAGE™
uses sampling, its scores can be either an over- or under-approximation. However, empirically we
found its scores to be comparable to SAGE’s scores (typically within 10%).

6.4 Effect of Optimizations

Table 9 demonstrates how the optimizations—pruning (PR) and LLM-proxy (PX)—significantly
improve SAGE’s runtime performance while costing minimal utility loss. For this experiment, we
used a vertical slice of the Marketing dataset over 5 attributes to allow Brute Force to finish within
a reasonable time. We performed an ablation study where we turned off all the optimizations
(No PR/PX = plain greedy), no pruning (No PR), no LLM-proxy (No PX), and SAGE with both
optimizations. Notably, we find that greedy achieves exact results in par with Brute Force, validating
our choice.

BruteForce shows an infeasible runtime of over 19K seconds (over 5 hours) even for a moderate
k = 5, as the number of candidate pivot table combinations was (1§0) ~ 286M, for only 5 data
attributes. LLM-proxy causes slight decrease (3%) in utility due to less accurate proxy classifier,
however, boosts performance significantly. Pruning does not hurt utility, due to its conservative
filtering of unpromising candidates. Fig. 10 (left) shows runtime comparison over three datasets
(limited to 5 attributes), where both optimizations offer significant performance boost across the
board. Pruning is significantly beneficial for high-dimensional datasets, due to the exponential
growth of the candidate space w.r.t attributes.

OBF m-PR&PX =-PX -PR  mSAGE @ k=5 B k=10 A k=15 k=20
. 10} 4
— 35 8 A
210t i - 32 o 80 |
& 103 < So e 6 BoA i
g Al o § o o '\
o ol *easasene
z AL )= | ! ! i i i -
‘ 00 02 04 06 08 10
Marketing Video House 0

Fig. 10. (Left) Effect of optimization techniques. We used k = 4 and 6 = 0.1. (Right) Effect of 8 on Utility on
the Video dataset.
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Fig. 11. SAGE and SAGE" runtime (s) w.r.t (Left) #tuples, (Right) #attributes. We used k = 5 and 0 = 0.10.

6.5 Scalability

Fig. 11 shows the runtimes of SAGE and SAGE™ w.r.t #tuples (left) and #attributes (right), averaged
over three executions. For both SAGE and SAGE*, runtime increases linearly with data cardinality
and quadratically with dimensionality, because increasing dimensions significantly expands the
combinatorial search space. SAGE* shows only small fluctuations as #tuples or #attributes increases,
thanks to its sampling and approximation methods. Remarkably, SAGE" processed the CoverType
dataset (110 attributes, 581K+ tuples) in under 50 seconds—demonstrating practical scalability.
Despite the substantial runtime reduction, SAGE* maintained comparable utility and diversity
scores to SAGE (within a 10% variation).

6.6 Parameter Sensitivity

Fig. 10 (right) depicts the impact of varying the diversity threshold (6) on the utility score over the
Video dataset. We observe that as 6 increases, the utility score drops for all k. This is expected because
a higher 6 constrains the selection of candidates more stringently, leading to fewer eligible items.
To satisfy this stricter criterion, the algorithm may be compelled to select items with lower utility to
maintain diversity, thus decreasing the total utility. The utility drop becomes particularly significant
for high values of k, as satisfying a high diversity threshold for a larger result set is more challenging.

6.7 Case Studies

We now present findings from case studies in which we manually examined the pivot tables for
qualitative insights regarding recommendations made by SAGE vs. commercial software and LLMs.

6.7.1 Diverse and meaningful aggregates. We found SAGE to consistently recommend diverse and
semantically meaningful aggregates. For Video, SAGE’s includes COUNT, MAX, MIN, SUM, and MEAN.
In contrast, Excel, Google Sheets, and PowerBI typically involve only SUM or COUNT. While LLMs
too suggest a variety of aggregates, they often involve hallucinated attributes. E.g., LotLocation
is not an attribute of House, which LLM recommends. Despite requesting to use the specified
aggregates, LLM still selects out-of-scope aggregates such as median or standard deviation. Excel
once suggested SUM(Birth_Year), a completely meaningless aggregate.

6.7.2 Diverse and meaningful attributes. We found SAGE to select diverse and semantically mean-
ingful attributes for aggregation and grouping. In Video, SAGE utilizes Publisher, Sales, and
Year for various aggregations, providing comprehensive coverage of the attribute space. This
contrasts sharply with Excel and Google Sheets, which make repetitive GROUP BY choices, while
LLM consistently focuses only on Sales for aggregation. In House, SAGE identifies attributes such
as KitchenAbvGr, HalfBath, and FullBath for aggregations that other baselines ignore. While
only SAGE and LLM appropriately use SalesPrice for aggregation, LLM limits itself to aggregate
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only over this attribute. In contrast, SAGE diversifies selection of attributes, avoiding meaningless
choices made by other tools, such as PowerBI’s poor recommendation to GROUP BY ID.

6.7.3 Avoiding unsurprising summaries. Since SAGE can assess the degree of surprisingness in
observed trends, it avoids recommending trivial queries with low utility. Unlike other tools that
consistently recommend common aggregations such as SUM(INCOME), regardless of context, SAGE
avoids recommendations that provide obvious insights (e.g., people with low GDP spend less). For
the Video dataset, existing baselines typically focused on aggregations such as SUM(SALES). In con-
trast, SAGE included diverse types of aggregations such as MEAN(NA_Sales) and MAX(JP_Sales).
Additionally, it discovered more surprising patterns, such as COUNT (YEAR) GROUP BY GENRE, which
were not considered by others.

6.7.4 Adaptive reccommendation. We evaluated SAGE’s adaptability to user needs (desiderata D4)
through a case study on the Video dataset. Initially, the user indicates Genre as a grouping at-
tribute they are interested in, and requests three recommendations (k = 3). In the first round,
SAGE suggests pivot tables showing COUNT (Publishers) and AVERAGE (Global Sales) by Genre
and Region. After the user indicates disinterest in Publishers, SAGE adapts by recommending
COUNT (Years) and AVERAGE (EU Sales) by Genre, which the user accepts. For the third recommen-
dation, SAGE presents SUM and MEAN of EU Sales and Global Sales by Genre, further diversifying
the aggregates while maintaining focus on the user-specified grouping on Genre. Unlike existing
pivot table recommenders that disallow customizability and lack mechanism for user feedback,
SAGE dynamically adapts to user preferences.

7 User Study

To validate whether our utility (Section 3) and diversity (Section 4) models align with real-world
user perception, we conducted a comprehensive user study with 36 participants, 53% of whom use
spreadsheets daily or several times per week. The study comprised five sections, each containing
1-4 objective questions followed by an open-ended prompt for participants to explain their choices.
Below, we summarize each section’s setup and key findings based on the responses.

Validating insightfulness. We presented four pairs of pivot tables; within each pair, one had a high
score and the other a low score for one of the Insightful components: (a) Attribute Significance
(Section 3.1.1), (b) Informativeness (Section 3.1.2), (c) Trend (Section 3.1.3), and (d) Surprise (Sec-
tion 3.1.4). For each pair, participants had to select the more insightful table or indicate a tie. The
percentages of participants who chose the high-scoring pivot table (declared a tie) were 88.9% (8.3%),
91.7% (8.3%), 91.7% (8.3%), and 75.0% (16.7%), respectively. These results show that, on average,
86.8% of participants agreed with our notion of pivot-table insightfulness, demonstrating strong
alignment between our model and human perception.

Validating interpretability. Setup of this section was identical to the previous one, but to validate
three Interpretability components: (a) Density (Section 3.2.1), (b) Semantic validity (Section 3.2.2),
and (c) Conciseness (Section 3.2.3). The percentages of users who identified the high-scoring
pivot table as more interpretable (declared a tie) were 77.8% (8.3%), 91.7% (5.6%), and 91.7% (8.3%),
respectively. These results show that, on average, 87.1% of participants agreed with our notion
of pivot-table interpretability, demonstrating strong alignment between our model and human
perception.

Validating utility via ablation. This section included two questions, each presenting a pair of pivot
tables for participants to choose the one that is overall more useful—i.e., shows strong insights
while being easy to interpret—or declare a tie. We found that 86.1% (8.3%) of participants preferred
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(tied with) the balanced summary over a highly interpretable but low-insight summary, and 69.4%
(13.9%) preferred (tied with) the balanced summary over a highly insightful but less interpretable
one. These results establish that both components of our utility model are essential.

Validating Diversity. We asked participants to compare two sets of pivot tables, one more diverse
than the other. A striking 91.7% preferred the diverse set, confirming alignment between our model
and user perception.

Contrasting with other baselines. We asked two questions to compare recommendations by SAGE
with four other baselines: Microsoft Excel, Google Sheets, an LLM-based method, and Top-K,
with names of the tools anonymized to avoid any bias. Among the participants, 52.8% preferred
SAGE over the other tools and 13.9% noted that all recommendations are equally good. This
result confirms that SAGE consistently provides more user-aligned recommendations compared to
existing baselines.

The free-text justifications helped us understand participants’ reasoning and we found several
interesting responses. For instance, one wrote, “Tool A (SAGE) is [...] the best option, because
each table provides useful insights. Tool B has the odd sum of birth year attribute, while Tool C
essentially has the same table twice [...]” We provide additional details of the user study in our
full technical report [18].

8 Related Work

Below, we discuss three major areas that share the general problem of data summarization and
understanding. Ours is a particular instance of this problem, which is recommending interesting
aggregates or views to help users understand data.

OLAP cube exploration. Prior work in OLAP cube exploration [55, 63-66] aim to identify “surprising”
data regions to help users uncover previously unseen and interesting patterns. They define surprise
based on user familiarity, and interestingness based on purely statistical methods. However, they
lack awareness of the underlying data semantics, often resulting in recommendations that are
practically uninteresting and hard to interpret. Moreover, they typically suggest a single item or
a top-k list, without considering bundle suggestions that offer a set of diversified items.

Insight generation and visualization. A number of prior work define informative summaries as
tables that exhibit significant statistical disparities among groups [14, 24, 28, 36, 70, 76]. Some
measure the significance of insights using null-hypothesis testing [14, 28] while others exploit
LLMs [76]. While insight generation and visualization recommendation [14, 76, 77, 81] are related
to our work, most prior works in this space do not incorporate the three key dimensions together:
insightfulness, interpretability, and diversity. Notably, recommending a k-budgeted set of summaries
is a significantly harder problem than simple top-k recommendation.

View or exploration-step recommendation. View recommendation systems [75, 77, 83] explore a
related direction. Voyager [77] ranks visualizations based on perceptual effectiveness to improve
interpretability whereas ViewSeeker [83] compares multiple visualizations using various similarity
measures. However, these systems are not semantics-aware and do not consider diversity. Smart
Drill-Down [40] enables users to discover and summarize interesting groups of tuples described by
rules. However, their unit is a rule, while ours is a pivot table. Auto-Suggest [79] and DAISY [78]
leverage large-scale user logs, SQL queries, or crowdsourcing to recommend pivot tables based on
historical usage patterns. However, they cannot ensure pivot-table informativeness, as they do not
validate the content of the generated pivot tables.
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In summary, prior work fall short in one of the following aspects. First, they do not consider
the semantic validity and interpretability aspects of the summary structure. E.g., (a) the aggre-
gates SUM(Birth_Year) and AVG(Zip_Code) are semantically invalid, and (b) an attribute with values
{val_1, Vval_2}is not interpretable whereas {Large, Small}is. Second, they lack semantic awareness
to validate an apparent data insight. For instance, they typically determine the degree of insightful-
ness purely based on statistical properties, such as whether aggregated values between two groups
significantly deviate from each other, without factoring in the degree of expectedness of that devi-
ation based on common knowledge (e.g., a significant deviation in average height between toddlers
and adults is expected). In contrast, SAGE consults with an LLM—which can mimic a human domain
expert who can provide the likelihood of observing a statistically interesting phenomenon—and
effectively prunes statistically insightful, but practically mundane insights. Third, beyond simple
top-k, they do not focus on the bundle recommendation problem—which involves suggesting a set
of k results—with diversity requirements, which is our focus. Fourth, while a few works consider
diversity in summarization [32, 74, 75, 81], they ignore the semantic aspect of diversity. DAISY [78]
models diversity during query collection, not recommendation, while QAGView [75] diversifies at a
tuple-level granularity. In contrast, we use a semantics-aware model for the distance metric—using
query and contend embedding—to ensure semantic diversity across the recommended pivot tables.

Diversification algorithms. Query result diversification [72] methods define diversity across
three aspects: (1) content, (2) novelty, and (3) coverage [30, 31]. Max-Sum diversification [15, 30, 58]
maximizes the linear combination of diversity and utility scores, while Max-Min diversification
maximizes the minimum diversity between selected items. However, existing diversification meth-
ods target tuples or documents, not entire tables. Thus, they do not trivially extend to table
recommendations, as in our case.

9 Conclusions and Future Work

We presented SAGE to recommend diverse set of pivot tables while balancing insightfulness
and interpretability. We introduced a utility model for a single pivot table, a diversity metric for
pivot-table sets, and a simple greedy algorithm built on two optimization techniques for efficient
recommendation. We empirically showed that SAGE outperforms baselines in diversity while
maintaining high utility. Our case studies illustrated SAGE’s ability to avoid generic patterns and
provide data-semantics-aware suggestions. To the best of our knowledge, this is the first work to
combine diversity and data-semantics for data summarization.

SAGE currently does not incorporate contextual information, such as the user’s workflow (e.g.,
their end goals) or broader ecosystem (e.g., tools in their software stack). Integrating such context
could significantly enhance the quality of recommendations. Another promising direction is to
support alternative forms of data summaries—such as textual descriptions that highlight key trends—
in addition to structured formats like pivot tables. Finally, another important direction of future
work is optimizing the performance of the offline phase, such as using an adaptive approach to
dynamically adapt when the spreadsheet distribution changes.
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