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The United States government spends hundreds of billions of dollars annually obtaining goods and
services from commercial bidders, a process known as government procurement. Without transparency,
this process is susceptible to manipulation, corruption, and grift. However, the data required to assess
the procurement process, including information detailing the amounts and awardees of government
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relying on limited samples of this data. We collect, clean, analyze, and make available the entire corpus
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and introduce an R package for accessing subsets of the data. Overall, these tools hold great promise for
studying representation, corruption, and the connections between business and politics in the United
States.

Background & Summary

e United States federal government is the world’s largest organization with a 2024 annual budget of $6.75
trillion (https://fiscaldata.treasury.gov/) and nearly 3 million employees (https://www.statista.com/statis-
tics/204535). To obtain the goods and services necessary to perform its many functions, the U.S. relies on gov-
ernment procurement, a system by which private businesses can bid on contracts to supply everything fromo ce
supplies and clothing to rocket engines and satellites. Procurement contracts account for more than 10% of the
U.S. annual budget, occupying more than 100,000 government employees®. Overseeing this process is a complex
web of laws, regulations, legislative committees, executive agencies, and special courts designed to ensure fair-
ness and transparency and prevent fraud and corruption.

On the one hand, a robust suite of legislation implements preferential contract awarding to small,
minority-owned, and women-owned businesses. As many as 10% of minority-owned businesses in the U.S.
contract with the government?, potentially strengthening minority entrepreneurs’ access to product markets?,
especially as the share of minority employees in the government grows*. Procurement regulation can be a pow-
erful force for strengthening democratic representation and the economic success of disadvantaged groups.

However, systems so large and lucrative are vulnerable to grift and corruption®”’. As many as 44% of
contracts receive only a single bid®, and bidders or potential bidders may collude® to maximize their pro ts.
Politicians also have incentives to corrupt the procurement process: securing grants for constituent rms or
copartisan entrepreneurs may be rewarded with votes or campaign contributions!®!!, Waste, ine ciency, and
political manipulation in procurement can reduce trust in government*?, harm taxation morale'?, and may even
contribute to democratic backsliding“.

Studying the impacts of procurement policies on representation and inequality, or corruption and fraud,
requires access to reliable and systematic procurement data. Researchers, journalists, and citizens primarily
access this data through the Federal Procurement Data System (FPDS, https://www.fpds.gov/).  is system
provides users with an interface for keyword searches, Itering by variables like the government department
issuing the contract, ordering the results, and downloading search results to CSV les. Figure 5 shows the results
for a search of the term “boots”. e rst contract in the search results was posted by the Department of Veterans
A airs for $3,000, and was awarded to “BOOTS PHAR INC”, a pharmaceutical company.
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FPDS is a crucial source of rich, granular data for studies in political science, public administration, econom-
ics, public policy, and many other areas. A Google Scholar search for “federal procurement data system” shows
more than half a million results as of August 2025. Yet crucial hurdles prevent researchers from freely accessing
this data. For performing comprehensive analyses on representation, inequality, and corruption, the current
interface is certainly insu cient. ere is no functionality for downloading bulk data, nor are there tools for
calculating aggregate statistics or tabulating trends across time. A wealth of data on government operations is
functionally locked behind an outdated website.

In this paper, we overcome this obstacle by introducing two tools for querying and analyzing FPDS data. e

rst is a comprehensive collection of FPDS data from 1979 to 2024. Although the government FPDS website
includes some records dating back to 1957, these are too sparse to be considered complete.  is contract-level
dataset contains nearly 100 million entries and more than 200 covariates, including timestamps and geoloca-
tions; contract data; contracting agency codes; and vendor variables.

As this dataset is large and potentially cumbersome for many researchers, the second tool is a lightweight
R package for compiling the results of speci ¢ FPDS searches into convenient data frames. First, users search
the FPDS website for an arbitrary set of contracts and record the URL. ey then pass this URL to the R pack-
age, which automatically scrapes and compiles the search results.  is R package is available on CRAN and
on GitHub (https://github.com/aymane-omari/fpdsScraper). is dataset opens up exciting possibilities for
researchers, journalists, and citizens seeking to monitor public spending in the US.
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Existing literature demonstrates the diverse applications of FPDS data in analyzing various aspects of federal
procurement.  ese studies highlight the importance of accessible and structured data for advancing public
administration, policy analysis, and economics research.

For example, a corpus of descriptive work studies procurement practices and trends, focusing on speci ¢
agencies, events, or contract types®® analyzes the utilization of speci ¢ procurement programs in the Air Force,
while'6 investigates Department of Defense service contract trends from 1990 to 2011.17 assesses federal con-
tracts awarded for Hurricane Katrina recovery e orts'’, and*® explores bundled and consolidated contracts at
the U.S. Department of the Navy.

A related literature examines the causal e ects of contract types across di erent administrative, economic, or
political outcomes. Existing work nds that contract structure and contracting agency capacity can both impact
the successful implementation and e ciency of procurement itself'*%, and that administrative reforms can
successfully improve that process?, but this work crosses many disciplinary boundaries.

Economists have investigated the relationship between government customer concentration and rm perfor-
mance?? and how market conditions impact the choice between xed-price and cost-reimbursement contracts?,
as well as the overall impact of procurement spending on local economies such as Hawaii's®.

Public administration scholars have used FPDS data to explore the role of policy consultants® and nonprof-
its?®27, and to uncover undisclosed subcontractors in public contract records and employment data in federal
procurement?,

And political scientists 0 en study the role of procurement in politics and how politics shapes procurement,
nding that procurement contracts are disproportionately allocated to politically important areas? or favored
rms?, and how di erent procurement policies impact contracting with minority-owned small businesses®32,

While improvements in open data can signi cantly advance transparency and accountability in federal pro-
curement processes®, data availability is also crucial to conducting research on procurement as one of the most
important governmental outputs and economic drivers. Convenient and accessible procurement data enables
scholars, policymakers, and citizens to engage more deeply with federal procurement data, fostering transpar-
ency, accountability, and informed decision-making in public spending.

Methods

&0$3 "OIE $T<TITAA <{0E 14/ -8 Toe ciently collect data from the Federal Procurement Data System
(FPDS), we developed a custom Python spider utilizing the Scrapy framework. is tool automates the bulk
download of procurement records by interfacing with the FPDS Atom feed.

To manage the large volume of data and adhere to the FPDS Atom feed’s limitation of 399,990 records per
search query, which will not output results beyond this limit, we implemented date range segmentation. e
overall data collection period was divided into weekly intervals, starting on Mondays and ending on Sundays,
without crossing calendar months.  is segmentation ensured that each query remained within acceptable lim-
its and optimized the scraper’s performance by processing manageable chunks of data.

Our scraper constructs query URLS specifying these date ranges using the syntax SIGNED_DATE: [YYYY/
MM/DD,YYYY/MM/DD]. isapproach allows precise Itering of records based on their signing dates and
ensures records are retrieved in chronological order.

To prevent overloading the FPDS servers and comply with ethical scraping practices, we incorporated con-
currency control into our scraper. Scrapy’s concurrency settings were con gured to limit the number of simul-
taneous requests.

e scraper handles pagination automatically for each weekly range request, iterating through all available
pages with a xed page size of 10 records due to the FPDS Atom limitation (max records per request). is
ensures comprehensive data collection without manual intervention.

e Atom feed responses are in XML format. We employed a library to parse these responses into Python
dictionaries, facilitating easier data manipulation. Special characters and control codes are sanitized to prevent
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parsing errors. e parsed data is then serialized into JSON format and compressed using gzip, optimizing stor-
age space and enabling e cient handling of large datasets.

Following the data collection, a post-processing step is implemented to convert the collected JSON data
into Parquet format.  is conversion is done with monthly partitioning, which allows fore cient querying and
analysis of the dataset. e Parquet format, known for its columnar storage, optimizes both storage space and
read performance, making it ideal for large-scale data analysis tasks. And while Parquet is not as commonplace
as the CSV format, it is equally convenient for loading into common statistical so ware like R (arrow) or Stata
(stata-parquet) through packages that wrap the Apache Arrow C++ library.

By automating the bulk download process with the FPDS Atom feed, our scraper simpli es data retrieval

from FPDS. s tool lowers barriers for researchers and analysts by providing a scalable solution for accessing
large volumes of procurement data, thereby promoting greater transparency and enabling comprehensive anal-
ysis of federal spending patterns.
&0%$3 BAOA wI00AAETT x<FOE OEA FpdsScraper R Package. We anticipate that for most users, even
the reduced CSV dataset will be unnecessary and burdensome for their use cases. Toe ciently retrieve and ana-
lyze smaller subsets of data from FPDS, we developed the fpdsScraper R package. is package streamlines
the process of extracting procurement data by automating the collection of search results from the FPDS website
into a structured and analyzable format.

e fpdsScraper package operates by accepting a search URL generated from the FPDS website speci-
fying query parameters for federal contracts. To generate it, users can perform an advanced search on the FPDS
platform, specifying criteria such as date ranges, contracting agencies, vendor names, contract types, and other
relevant Iters. Once the desired search parameters are set, the FPDS website provides a URL that re ects these
criteria.

By passing this URL to the fpds_scrape () function within the package, the scraper programmatically
accesses the FPDS search results. e function handles pagination automatically, iterating through all available
result pages to ensure a complete data collection. It employs web scraping techniques to extract pertinent infor-
mation from each contract record, such as contract identi ers, award and completion dates, obligated amounts,
vendor details, and other covariates speci ed in the search.

e package is designed to handle medium-sized datasets e ciently. It includes features for error handling
and rate limiting to comply with the FPDS website’s usage policies and to mitigate issues related to network
interruptions or server responses. e scraped data is compiled into a tidy data frame in R, facilitating immedi-
ate analysis using standard statistical tools and packages within the R ecosystem.

e fpdsScraper package is open-source and available for installation from public repositories. Its acces-
sibility encourages collaboration and enables other researchers to replicate our methodology or adapt the tool
for their own data collection needs. By simplifying the data retrieval process from FPDS, the package lowers
barriers to entry for researchers, journalists, and policymakers interested in federal procurement data, espe-
cially those without massive computing resources, thereby promoting greater transparency and accountability
in public spending.

Data Records

In the data we provide, each row corresponds to a contract action; each contract may include multiple actions,
each of which typically comprises an individual outlay of money. Note that many researchers typically aggregate
to the contract level when analyzing procurement data.

We include two versions of our dataset: a complete version in parquet format with 99,057,002 rows and 470
variables, totaling more than 75 GB, and a reduced version in CSV format sized at approximately 25 GB (1.5 GB
compressed) and containing only the following variables: unique identi er, Contracting agency, NAICS code,
dollar value, ZIP code of the place of performance, congressional district of the place of performance, state of
the place of performance, date the contract was signed, the FPDS URL of the contract, and economic indicators
for whether the vendor is a small business, is woman-owned, or is minority-owned.

We provide both les in a single Figshare repository (https://doi.org/10.6084/m9. gshare.28057043)%,

&HA TOCATEOAOCTT ATARTOTAO08 e complete corpus, distributed as 589 Parquet shards in the fpds_
data directory of the FigShare bundle, contains every contract-action record signed between October 1957 and
November 2024. Each shard holds the actions for a single calendar month and is named YYYYMM. parquet
(for example, 195710 . parquet and 202411 _parquet). Collectively, the shards comprise 99,057,002 rows
and 470 columns, occupying about 75 GB on disk with Snappy compression. A single row represents one contract
action (either a base award or one of its modi cations) so contracts with multiple modi cations appear in multi-
ple rows. Column names retain the hierarchical paths used in the FPDS Atom XML feed: a dot indicates a nested
level and an at-sign marks an attribute (e.g., content._ID.ContractID.P1ID, content.PSCCode.@
description,and content.agencySpeciycElements.NASASpeciycElements.COTRName).
Fewer than ve percent of the variables are agency-speci ¢ and therefore sparse.

Row counts vary greatly across shards: early months may contain only a handful of legacy back- lIs (for
instance, two rows in 195710 . parquet), whereas recent months typically hold between 150,000 and 250,000
actions. For quick starts, a reduced at CSV (~25 GB) is also provided,; it aggregates all months into a sin-
gle le and retains eleven frequently used elds—contract ID, signing date, agency, NAICS, obligated dollars,
place-of-performance ZIP code, state, and indicators for small, minority-, or women-owned vendors.

To assist researchers who prefer to work at the contract (rather than contract action) level, we pro-
vide an aggregated derivative of the corpus together with the Python script that creates it. The script,
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aggregate_fpds_contract_level . py, streams each monthly Parquet shard, groups rows by con-
tent. ID.ContractID.PIID,sumsnumeric elds (e.g., content.Dol larsObligated) and keeps
the rst non-null value of categorical variables, then writes a single le fpds_contract_level _par-
quet that contains one row per contract. e script is available in the project’s public GitHub repository at
https://github.com/aaronrkaufman/FPDS_replication/blob/main/Aggregation/aggregate_fpds_contract_level.
py, alongside all replication code; users can adjust the aggregation rules by editing the indicated con guration
block at the top of the script. e contract level dataset is available through gshare.

Variable dictionary. A companion variable dictionary corresponds to the Parquet shards. For each of the
470 variables, it records the variable name, de nition, type, and, where applicable, the list of valid values, as well
as a plot showing that variable’s availability over time.  is document provides essential reference information for
interpreting the dataset and selecting columns for analysis.

DataCodebook. To produce the aforementioned codebook, we developed an LLM-based parser to segment
the existing codebook into a machine-readable format, which we store asa JSON  le. From this parsed codebook,
we remove the variables we exclude from our dataset and manually update the variables we produce as combina-
tions of existing variables. Finally, for each variable, we calculate the monthly proportion of erroneous or missing
values and plot that proportion, embedding that visualization into the codebook.

SAOAEDOLOA 30A0F00FA0 Tk OEA 8053 SAOAOAS e data dictionary, as well as all code required to repro-
duce the analyses and figures, is openly available at https://github.com/aaronrkaufman/FPDS_replication.
Figures 1, 3, and 4 can be replicated at https://github.com/aaronrkaufman/FPDS_replication/blob/main/analzye_
fpds.R and Fig. 2 at https://github.com/aaronrkaufman/FPDS_replication/blob/main/Figure2.py.

Figure 1 shows the volume of records in our dataset. e top panel shows the log count of contract actions;
the bottom panel shows, in log dollars, the total value of contract actions per year. Both show a strong upward
trend from roughly 1979 to 2004; the count of contract actions continues to increase a er that, while the dollar
value plateaus.

One row in our dataset represents a contract action (rather than a contract), and most contracts consist of
multiple actions. Figure 2 shows that most contracts have only a handful of associated actions, o en fewer than
10, though a small number of large contracts have one hundred or more actions.

Figure 3 disaggregates the top panel of Fig. 1, examining twelve selected agencies’ contracting patterns over
time. While each agency sees an overall increase in the number of contract actions, the extent of that increase
varies considerably. e Drug Enforcement Administration (DEA) and Department of Defense increased
greatly, especially post-9/11, while the Environmental Protection Agency (EPA) and Internal Revenue Service
(IRS) stayed largely steady from the 1990s to the present day.

As the FPDS dataset includes rich geographical variables, both about the vendor and the place of perfor-
mance, we can map the number of contract actions performed across the US. Figure 4 shows the log count of
contract actions by congressional district from 2012 to 2022, corresponding to the 113th to 117th Congresses.
Districts with fewer contract actions are in light yellow; darker districts indicate a higher density of contract
actions performed there.

Technical Validation

We conduct two validation tests of this dataset. First, we conduct an audit of random contract actions to ensure
that the details of those actions in our dataset match those on the FPDS website, con rming that the data was
scraped without error. Next, we compare the descriptive statistics from?%. We nd substantially more contracts
than the prior authors do, prompting a more detailed comparison between our contract counts, contract counts
from USASpending, and from?8. We conclude that di ering contract totals stem from screens on contracts that
are not documented in the replication le, but which could, in principle, very likely be reused on our data due to
the similarity of our contract totals with what is available on USASpending.

Manually Auditing Random Contracts. Our rst and simplest validation analysis tests whether our
scraper collected data from the FPDS website accurately. First, we randomly sample 250 contract actions from
our dataset and search for them on the FPDS website by contract ID. We then manually cross-check the contract
details to con rm that they match the covariates in the dataset. In all 250 cases, we nd 100% delity: no variables
diverged between our dataset and the online portal in any of the 250 contract actions we hand-checked, con rm-
ing that our scraper performed correctly as intended.

Comparing with published results. Our next validation test compares our contract universe with that
used in a prominent published study of federal procurement data. We show that our dataset contains no fewer
observations than those authors nd, and that the distributions of variables of those contracts look similar in the
aggregate.

We examine®®, which nds that politically responsive federal agencies (but not independent agencies) allo-
cate noncompetitive contracts disproportionately to battleground states, which are important competitive con-
stituencies. ey study this problem using approximately 570,000 contracts priced at $150,000 or more between
2003 and 2015 drawn from USASpending.gov, which is an alternative portal for procurement data, available in
PostgreSQL format; FPDS provides data to USASpending.gov, FPDS-NG (https://www.fpds.gov/wiki).

ese authors consider a total dataset of 2.1 million contracts; with identical dates (2003-2015) and our
broader Iters, we observe 19 million contracts. Similarly, we nd 1.07 million contracts between 2003 and 2015
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Fig.1  elog count of contract actions (top) and log total dollar value of those contract actions (bottom) in the
FPDS dataset by year.
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Fig. 2 Most contracts have relatively few associated actions.

worth at least $150,000, nearly twice as many contracts as in®, with a mean log contract value of 13.647 com-
pared to 13.522 in the original paper. e lack of linking variables in?® makes a complete assessment of coverage
challenging without reverse engineering the linking variables from the replication le.

Comparison with USASpending and contract filters. FPDS-NG (https://www.fpds.gov) and
USASpending (https://www.usaspending.gov) both publish the same underlying government feed but apply dif-
ferent processing steps. FPDS-NG keeps every transaction; USASpending collapses all modi cations into a single
award, drops rows that fail validation against its accounting les, and refreshes on a monthly schedule.
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