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Abstract
Spreadsheets remain a ubiquitous tool for data management and
analysis. Since systems like Excel offer limited analytical capa-
bilities, users routinely load spreadsheets into richer ecosystems
such as Python, R, and DBMSes. However, existing spreadsheet
loaders rely on general-purpose XML parsers that are ill-suited
for the XLSX format, resulting in severe CPU and memory bot-
tlenecks. In prior work, we introduced SheetReader, a special-
ized spreadsheet parser that leverages the structure of XLSX
files and employs parallelism to significantly reduce ingestion
costs, achieving up to an order of magnitude speedup and multi-
gigabyte memory savings compared to state-of-the-art methods.
This demonstration provides an interactive workbench where
visitors can visualize XLSX internals, benchmark SheetReader
against baseline parsers with live resource monitoring, and ex-
plore integrations for Python, R, PostgreSQL, and DuckDB, in-
cluding running SQL directly over spreadsheets.
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1 Introduction
Spreadsheets remain one of the most widely used data tools, with
billions of users relying on them to store, share, and analyze
data in business, science, government, and everyday tasks [1, 2,
8, 15]. Despite their popularity, spreadsheet systems offer only
limited analytical capabilities. As a result, users routinely load
spreadsheets into Python and R for machine learning and data
wrangling, or into DBMSes to integrate them with relational
data. All of these workflows begin by ingesting the spreadsheet
file itself, a seemingly simple step that is, in practice, a major
performance bottleneck on commodity hardware.

The Spreadsheet IngestionBottleneck. In our prior work [6],
we found that loading a 172 MB spreadsheet in R required ∼30 s
and up to 13 GB of memory with the fastest Excel parser, whereas
the equivalent CSV required only 4 s and 1.1 GB. The most
memory-efficient Excel parser still used around 5 GB and took
roughly 160 s, 40× slower than CSV. We observed similarly se-
vere overheads in other environments. These gaps stem from the
XLSX format, which stores data as compressed XML that must
be fully decompressed, tokenized, and materialized before use,
resulting in ingestion costs that are unacceptable for interactive
use on commodity hardware; business laptops may even become
unresponsive during loading.
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Limitations of Current Spreadsheet Parsers. Despite the
ubiquity of spreadsheets, efficient parsing has received far less
attention than parsing other text-based formats. Recent work on
CSV and JSON has produced highly optimized, structure-aware
parsers [7, 10, 11, 16], yet these techniques do not transfer to
spreadsheets. XLSX files package worksheets in a compressed
ZIP archive containing several interdependent XML documents,
including shared-string tables and cell-level markup. Accord-
ingly, state-of-the-art spreadsheet loaders rely on standard DOM
or SAX parsers. Although XML parsing has seen substantial
research [9, 13], these techniques target general-purpose docu-
ments and cannot exploit spreadsheet-specific structure. As a
result, existing loaders perform unnecessary tokenization and
materialize large in-memory XML trees, which can reach sev-
eral gigabytes even for moderately sized files [6]. Spreadsheet
ingestion, therefore, remains inefficient in practice and requires
a more targeted parsing approach.

Specialized Spreadsheet Parsingwith SheetReader. To ad-
dress these limitations, we introduced SheetReader, a structure-
aware spreadsheet parser [6]. We leverage spreadsheet-specific
characteristics such as shared-string tables and cell-level markup
and combine parallelism at multiple levels with optimizations
that reduce redundant operations. SheetReader offers two ex-
ecution modes for different resource constraints: a consecutive
mode that maximizes throughput by decompressing the XML
document before parallel parsing, and an interleaved mode that
lowers memory usage by parsing data as it is decompressed.
These design choices reduce ingestion time by up to an order of
magnitude and cut memory consumption by several gigabytes
compared to state-of-the-art libraries [6]. Our prior work evalu-
ated SheetReader in Python and R, and in this demo we extend
its applicability with PostgreSQL and DuckDB integrations, show-
ing that the same environment-agnostic parser can serve both
data science and DBMS workloads. Its efficient, portable design
and growing open-source adoption highlight practical value.1

Demonstration. Our demo provides a hands-on experience
that illustrates the challenges of spreadsheet ingestion and how
SheetReader improves performance across environments. We
developed an application with a spreadsheet visualizer, embedded
execution environments, and live resource monitoring. The visu-
alizer exposes the structure of XLSX files to highlight the over-
heads faced by existing parsers. Visitors can then run baseline
parsers alongside SheetReader in embedded Jupyter notebooks
for Python, R, PostgreSQL, and DuckDB. Live monitoring dash-
boards display CPU and memory utilization during ingestion,
allowing visitors to observe performance differences. Beyond

1Open source: https://github.com/polydbms/sheetreader-core.
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Figure 1: The spreadsheet visualizer shows the XLSX
archive layout and the XML of worksheets, highlighting
how the markup-heavy structure becomes a bottleneck.

performance metrics, the demo illustrates how SheetReader sup-
ports practical workflows, from loading spreadsheets into Python
and R for data science pipelines, to executing SQL directly over
spreadsheets in PostgreSQL and DuckDB, and integrating spread-
sheets with DBMS tables.

2 Background & Related Work
Since XLSX files are compressed XML archives, spreadsheet in-
gestion requires both decompression and parsing. We briefly
outline the structure of XLSX files and summarize relevant work
on XML, CSV, and JSON parsing to provide context for our main
design choices.

2.1 Spreadsheet Structure
As illustrated by the spreadsheet visualizer included in our demo
(Figure 1), an XLSX file is a ZIP container holding multiple inter-
dependent XML documents. A workbook file lists the worksheets
and their locations, individual worksheet files (e.g., sheet1.xml)
store the cell data, and a separate sharedStrings.xml file holds
the string table referenced by cells via indices. Additional relation-
ship files define how these components link together. This orga-
nization improves storage efficiency but complicates ingestion, as
parsers must navigate several XML files and follow indirections.

2.2 General-Purpose XML Parsing
Existing spreadsheet loaders typically rely on standard DOM or
SAX parsers after decompressing the archive. Although prior
work has explored parallel XML parsing and schema-specialized
parsers [9, 13], these techniques target generic XML and do not
exploit spreadsheet-specific structure such as shared-string tables
or predictable cell markup. As a result, they perform unnecessary
tokenization work and often materialize large XML trees, con-
tributing to the high memory and runtime overhead commonly
observed in practice.

2.3 Optimized Text-based Format Parsers
There has been significant progress on efficient parsing for CSV [7,
12] and JSON [10, 11, 14], using vectorized scanning, specu-
lative parsing, and SIMD-based filtering to exploit the flat or
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Figure 2: The core parser processes worksheet and string
XML files in parallel and exposes a uniform interface to
support multiple runtimes.

lightly structured nature of those formats. However, these tech-
niques do not directly transfer to spreadsheets, whose multi-file,
XML-based layout introduces different constraints and depen-
dencies. While some of these optimizations may complement a
spreadsheet-specific parser, the core ingestion challenge requires
a dedicated approach.

3 SheetReader
To make spreadsheet parsing practical on commodity machines,
we introduced SheetReader [6], a structure-aware XLSX parser
that exploits spreadsheet-specific properties, employs parallelism,
and offers two modes for runtime or memory efficiency. We
describe the components and optimizations in more detail in our
prior work [6]; below, we briefly summarize the core ideas.

3.1 Overview
Figure 2 presents a high-level view of SheetReader. Users pro-
vide the input parameters, such as file location, selected sheets,
and parsing mode, through the bindings 1 . This information
is forwarded to the C++ core API 2 , where the Controller co-
ordinates the parsing process. The Metadata Handler extracts
workbook information such as sheet locations and names 3 .
The Content Handler then processes the spreadsheet data: the
Strings Parser reads the shared-string table and the Worksheet
Parser reads the cell data 4 . Finally, the Transformer converts
the intermediate columnar representation into the target struc-
ture 5 , for example a Pandas DataFrame, an R data frame, or
a DBMS table. This modular design enables the same parser to
efficiently support Python, R, PostgreSQL, and DuckDB. Shee-
tReader is implemented in C++ in a target-agnostic way to offload
performance-critical computations to a native runtime [3], with
language integrations provided through lightweight bindings.

3.2 Parsing Modes
SheetReader applies several spreadsheet-specific optimizations,
such as specialized handling of shared strings, lightweight cell-
level markup decoding, and preallocation strategies to avoid
dynamic resizing of intermediate structures. In addition to these
general optimizations, it offers two execution modes tailored
to different resource constraints. The consecutive mode targets
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Figure 3: SheetReader vs. R baselines on real-world spread-
sheets, for runtime (left) and memory usage (right).

maximum throughput: it fully decompresses the worksheet XML,
identifies row boundaries, and parallelizes parsing the resulting
segments to achieve high CPU utilization. The interleaved mode
minimizes peak memory by interleaving decompression with
parsing, streaming fixed-size buffers directly to the parser threads
without fully materializing the XML tree. These complementary
modes allow SheetReader to operate efficiently in practice on
both memory-limited laptops and DBMS backends that require
predictable resource usage.

Planned extensions include predicate pushdown, formula eval-
uation, richer multi-sheet and multi-table spreadsheet layouts,
support for online spreadsheet sources and additional spread-
sheet formats, and exposing the intermediate representation in
popular interchange formats such as Apache Arrow.

3.3 Performance
Our prior work [6] provides an extensive evaluation across real
and synthetic datasets, where SheetReader outperforms state-
of-the-art spreadsheet loaders. Figure 3 highlights representative
results, showing up to 17× faster ingestion than openxlsx and
up to 3.2× faster than readxl in R, while reducing memory usage
by up to 26×. Figure 4 reports spreadsheet loading performance
in DuckDB 1.4.2, comparing our SheetReader extension with
DuckDB’s default core spreadsheet extensions (Spatial and Excel)
on TPC-H tables (sf 1). SheetReader consistently outperforms
the core extensions. It is generally faster in single-threaded mode,
and with four threads it shows the largest improvements on larger
sheets (e.g., Lineitem), with speedups of up to∼7× over the Spatial
extension and about ∼2.5× over the Excel extension. Additional
results for Python and other environments, together with full
experimental setup details, are provided in the full paper [6].
These gains directly address ingestion bottlenecks observed in
heterogeneous data science and DBMS environments [5, 17].

4 Demonstration Walkthrough
The goal of our demonstration is threefold: (i) reveal the internal
structure of XLSX files and show why general-purpose XML pars-
ing leads to inefficiencies; (ii) let visitors observe, in real time, how
SheetReader reduces CPU and memory consumption compared
to state-of-the-art tools; and (iii) showcase SheetReader’s porta-
bility across ecosystems, including Python, R, PostgreSQL, and
DuckDB, where it enables efficient data loading, SQL analytics
on spreadsheets, and integration with DBMS tables.
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Figure 4: DuckDB spreadsheet loading runtime on TPC-H
tables: core extensions (Excel, Spatial) vs. SheetReader.

4.1 Interactive Spreadsheet Workbench
We developed an interactive application that brings together
the main elements of our demo: a spreadsheet visualizer, envi-
ronments for running SheetReader alongside baseline parsers,
and live monitoring of resource usage. The workbench embeds
Jupyter notebooks for Python, R, PostgreSQL, and DuckDB, so
that users can run real workloads and directly compare differ-
ent parsing approaches in their native environments. To make
performance behavior visible, the interface includes lightweight
Grafana dashboards that display CPU and memory utilization in
real time, with metrics collected using Prometheus within our
Docker setup.

4.2 Understanding Spreadsheet Internals
We include a spreadsheet visualizer (cf. Figure 1) that exposes the
XLSX archive layout and the XML content of individual sheets.
By inspecting the raw worksheet XML and estimating the size
of its materialized tree, users can see why general-purpose XML
parsers struggle: shared-string indirections and markup-heavy
rows inflate the XML representation and lead to high memory
overhead in practice.

4.3 SheetReader for Data Science Runtimes
To demonstrate SheetReader in data science contexts, our work-
bench provides notebooks for Python and R.

Libraries. To facilitate user interaction with SheetReader and
demonstrate its integration within data science environments,
our GUI offers two Jupyter notebooks with the Python and R
kernels (cf. Figure 5). These notebooks contain predefined code
snippets for loading spreadsheets into environment-specific data
structures, specifically Python Pandas and R data frames, using
SheetReader as well as state-of-the-art parsers, i.e., openpyxl
and calamine for Python Pandas, and openxlsx and readxl
for R. We provide real-world and synthetic spreadsheet files
for the demonstration, and we also encourage the audience to
experiment with their own files.

Performance. To showcase SheetReader’s resource efficiency
and improved runtime performance, the GUI includes two per-
formance dashboards next to each notebook. These dashboards
allow users to compare CPU and memory utilization across dif-
ferent parsing approaches. Specifically, users can observe the
memory-intensive nature of state-of-the-art parsers, which mate-
rialize the entire XML tree before parsing. They can also compare
SheetReader’s two modes and observe how the consecutive mode
makes spreadsheet parsing practical even on commodity laptops.
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Figure 5: UI showcasing SheetReader in an R Jupyter Note-
book where users can load spreadsheets with different
tools and compare live runtime/memory performance.

4.4 SheetReader for DBMSes
To illustrate SheetReader’s use cases beyond data science, such as
running SQL on spreadsheets and integrating them with DBMS
tables, we provide notebooks for DuckDB and PostgreSQL.

SQL on Spreadsheets. The DBMS extensions allow running
SQL queries over spreadsheets, a functionality not included out-
of-the-box in modern spreadsheet systems. We demonstrate this
functionality in our Jupyter Notebooks (cf. Figure 6), where users
can efficiently execute SQL queries on spreadsheets with the in-
process DuckDB DBMS. This capability is also available through
our PostgreSQL extension, but requires a running server.

Data Integration. The DBMS extensions also enable users to
integrate spreadsheets with tables stored in DBMSes. For example,
with SheetReader’s PostgreSQL (SQL/MED standard) extension, it
is possible to register spreadsheets as foreign tables (cf. Figure 7),
and even combine them with remote tables in cross-database
settings when integrating data from different locations [5].

In this demonstration scenario, we guide the audience through
PostgreSQL’s SQL/MED and DuckDB’s extension implementa-
tions, explain how SheetReader is exposed through these inter-
faces, and show how they enable users to interact with spread-
sheets directly inside the DBMS environments. We demonstrate
queries using the TPC-H dataset with both regular and foreign
spreadsheet tables, and encourage visitors to bring their own
spreadsheets to experiment with SheetReader interactively.

This demonstration scenario highlights the importance of
fast spreadsheet loading in heterogeneous and cross-database
analytics environments, where data from multiple systems must
be integrated efficiently [4, 5].
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