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Abstract
We develop a methodology for converting card index archival records into usable data
frames for statistical and textual analyses. Leveraging machine learning and naturallanguage processing tools from Amazon Web Services (AWS), we overcome hurdles associated with character recognition, inconsistent data reporting, column misalignment, and
irregular naming. In this article, we detail the step-by-step conversion process and discuss
remedies for common problems and edge cases, using historical records from the Reconstruction Finance Corporation.
JEL classification: C8, N4.
Keywords: Machine learning, Natural-language processing, Archival records, Unstructured
data.

∗

The Python coding files associated with this work can be found at https://github.com/somu-a/
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1 Introduction
Card indexes (example in Figure 1) are a common form of archival records. They often summarize the content of more detailed files, aid in the location of records, or aggregate pertinent
information from individual, micro-unit records. Economic historians have employed card index
records for the study of patented inventions (Griffiths et al., 1992), manufacturing firms (Yates,
1989), banking and industrial history (Perlinge, 2004), and government recapitalization programs
(Vossmeyer, 2016). While index cards are often an efficient way to present information, their use
in academic research can be challenging due to imperfect character recognition, inconsistencies
in data reporting, irregular naming, and column misalignment. These challenges render many tab
or character delimitation and regular expression tools inapplicable, leaving researchers with the
painstaking task of manually converting this information into data frames.
In this article, we develop a streamlined methodology for the digitization of card index records,
solving a data preparation problem facing all economic historians. Our methods leverage readily
available machine learning tools through the cloud infrastructure of Amazon Web Services (AWS)
and customize new tools to efficiently convert PDF images of card index records to usable data
frames for statistical and textual analyses. We apply our methodology to records from the National
Archives on the Reconstruction Finance Corporation’s (RFC) Card Index To Loans Made To Banks
And Railroads, 1932-57. We approximate that our machine learning approach saved about 820
hours (34 days) of manual data entry time. The methods highlighted in this paper can be easily
employed for most card index records and adapted for other unstructured archival records.
We detail our RFC records in Section 2 and provide step-by-step instructions to our methodology in Section 3. Section 4 details performance metrics, discusses the various challenges that
one can face in digitizing and categorizing these data, and offers remedies for common problems.
Finally, in Section 5, we offer concluding remarks.

2 Application
Figure 1 presents several images from the RFC Card Index. The RFC was a government-sponsored
bank rescue program established in 1932 under President Hoover. Banks could apply to the
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Figure 1: Images of four example RFC card files.

RFC for a collateralized loan or recapitalization.1 The RFC reviewed the submitted application,
assessing the quality of the bank’s assets and management and the importance of that bank to
the local area. The RFC then approved or declined the bank’s application and determined the
appropriate loan amount. The National Archives stores all of the approved and declined loan files
from the RFC, but an individual bank’s file could be several hundred pages. The card index, on
the other hand, summarizes the information in the application files for each bank and its loan
requests. These cards detail the bank’s name, location, loan dates, loan types, loan amounts,
and whether or not the loans were paid. Generally, we observe one card per bank, with all of its
loans listed, but occasionally, we observe several cards for a single bank.
Figure 1 presents several images of the RFC index cards and demonstrates the challenges that
lie with these records. First, there are various fonts including typewriter text, “PAID” stamps,
and even some handwriting; all of which needs to be captured for optical character recognition.
Second, the date is presented in many formats and in several different locations. The same is
true for the loan type and loan decision. Loan type is characterized by various abbreviations. For
example, “R” or “Ren” represent renewals, “PSS” represents preferred stock subscriptions, and
“LA” represents collateralized loan approvals. Loan decision includes words, such as “approved,”
“cancelled,” and “declined.” Finally, the ordering of the information varies from card to card.
1

Hereafter, we use “loan” to characterize collateralized loans or recapitalization for brevity.
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Because these data are unstructured, we need natural-language processing tools based on machine
learning to categorize the text into relevant entities.
Manually entering this information into data frames is possible, but horribly time consuming.
The RFC alone has several card indexes, reaching over 200 linear feet of archival space. This
card index to banks and railroads is 27 linear feet of archival space, equating to 22,436 unique
index card records. Therefore, a streamlined and efficient computational process for character
recognition and categorization is offered in this paper.

3 Methodology
We employ two AI services from Amazon Web Services (AWS) to convert PDF images of our index
card records to data frames. The first is Textract. Textract is a machine learning service that
automatically extracts text, handwriting, and data from scanned documents. Textract advances
the usual optical character recognition (OCR) by implementing artificial intelligence to extract
text, layouts, and tables without configuration, training, or custom code.2 The second service
is Comprehend. Comprehend is a natural-language processing (NLP) service that uses machine
learning to uncover information in unstructured data. Comprehend can be trained such that the
classification is tailored to particular archival records.3
Figure 2 graphically demonstrates our workflow. The workflow begins by inputting PDF
images of the card index to AWS Textract for text extraction. Textract outputs flat text files,
which serve as the input for Comprehend. Comprehend then categorizes the features within the
text. We employ two models for Comprehend. The first is a prebuilt, general AWS model that is
able to categorize certain entities on the cards. The second is a custom model that we trained
to capture specifics of the RFC program and edge cases. We then combine the outputs from
the two models into a CSV (comma-separated values) file. Figure 3 presents the raw output file
that is associated with the cards pictured in Figure 1. This entire process is automated through
AWS APIs, allowing asynchronous processing in the cloud and easing any computational burden
on personal devices.
2
3

https://aws.amazon.com/textract/
https://aws.amazon.com/comprehend/
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Figure 2: Graphical depiction of the workflow.

Figure 3: Output file of digitized and categorized data.

3.1 Step-by-Step Guide
In this section, we review the step-by-step process of converting the RFC files into data and
discuss when training and customization are necessary. We also generalize the approach in each
step to illustrate how these methods can be applied to other records.4

Step 1 – File upload and Textract:
The process begins with creating an AWS account, saving the user key, and uploading the PDF
files of the card records to an S3 bucket in AWS. The user information and file location are
preliminary inputs for this process.
As Figure 2 demonstrates, the card images are initially processed by Textract. In our file,
each page of the PDF is a new card. Textract does not require any training or customization.
Once Textract processes the file, it outputs a text file (.txt) for each page of the PDF. Figure 4
provides examples of the text file outputs that are associated with the four cards in Figure 1.
4

Our Python coding files can be found at https://github.com/somu-a/record-digitization. This
GitHub repository includes a sample of card files that can processed with the code. We note that AWS Textract
and Comprehend are updated regularly, so there can be slight variation in how these files are processed.
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Figure 4: Images of the Textract output files for our four example RFC cards.

Notably, Textract recognizes text, stamps, and handwriting. Textract also extracts the layout of
the card, which can be useful for records that contain tables or structured forms. The figure also
displays some odd quantities, e.g., “Docket Received” and the like. These are faint stamps that
appear in the corner of many cards, which were omitted from Figure 1 to zoom in the cards. Our
subsequent Comprehend-based process removes these unnecessary quantities.

Step 2 – Comprehend:
The text files that Textract produces are the inputs for Comprehend. Comprehend uses naturallanguage processing tools to designate words into certain entity categories. There is a general
Comprehend model that can be used to classify the text or a custom model that can be built
using a training dataset. For the RFC data, we employ both the general model and a custom
model.
(a) General Model – The generic model that is built into Comprehend is able to categorize
common expressions. For instance, in our RFC example, the built-in function often successfully recognizes the bank name (“organization”), bank location (“location”), loan amounts
(“quantity”), and dates (“dates”) without a training sample. However, the built-in function is often unsuccessful at recognizing the abbreviations, decisions, or paid information,
motivating us to create a custom model as well.
Because of the general model’s success in categorizing four of our variables, we process our
6

Figure 5: Images of the JSON output for Comprehend’s general model.

22,436 records. Comprehend outputs a single text file in JSON format for the whole run.
The text file identifies and labels each recognized word and it provides each word’s location
based on an index number for the card (begin offset and end offset). Figure 5 provides
an example of the Comprehend output for the top two cards presented in Figure 1. We’ve
suppressed the indexing and performance metrics in the output to make it more visual.
As the figure shows, each item on the card is labeled with the category by which Comprehend believes it belongs. The categories of organization, date, location, and quantity
appear to be consistent. However, the remaining items are often mislabeled (e.g., “Person”
and “Commercial item”) or grouped into the “Other” category. Viewing the Comprehend
output is a good way to determine how well the general model is recognizing and categorizing the text. The Comprehend output file is quite large as it stores all of the data, labels,
locations, and confidence scores for each cell. We save and store the output file, which is
later combined with the custom model output.
(b) Custom Model – The elements that the general model has difficulties categorizing are
nuances that are specific to the RFC program. For instance, the abbreviations represent
the various funding programs offered by the RFC (e.g., collateralized loans or preferred
stock subscriptions). Similarly, the decision variable is specific to the program’s structure
7

Figure 6: Image of our labeled training sample file.

and processes.
In order to create a model that identifies and categorizes these specifics, we develop a training sample. For each variable that needs to be categorized, AWS recommends a minimum
of 200 examples. We label 200 card records, meaning that we provide Comprehend with
the Textract text files associated with 200 cards and a perfectly labeled CSV file. For each
variable we want from the Textract output, the CSV file reports the label, line number, and
index values to locate each item, as shown in Figure 6. Creating the training sample files
is the most laborious part of our process.
After submitting the training sample, Comprehend provides several performance metrics
that are predicted for the custom model. If the scores are lower than expected, researchers
should double-check the labeled data in the training sample, increase the training sample
size, or explore potential edge cases. Once the model is adequately trained, we process
the whole sample of 22,436 text files. As with the output of the general model (Figure 5),
the custom Comprehend function outputs a single text file in JSON format with all of the
data, labels, index values, and confidence scores for each cell. We review our performance
metrics in Section 4.1.
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Step 3 – Combine Function:
Because we employ both the general Comprehend model and custom Comprehend models, this
results in multiple text files for our sample. Thus, we write a Python function that combines the
two output files together, creating one single entry line for each loan. Our final output file is a
single CSV file with all of the observations and columns of variables, as depicted in Figure 3.
The combine function is also a good point to notice common errors, inconsistent reporting, or
other bugs. If needed, one can hard-code some functions to catch common mistakes. We input
a few regular expression functions, which act as check points for our final output. We discuss
some of these functions and potential remedies in Section 4.2.

4 Additional Considerations
4.1 Performance Metrics
For our RFC application, we process 22,436 index card records (i.e., over 20 GB of PDF files).
Table 1 presents the approximate run time for each step of our process and the performance
metrics that AWS provides. Textract reports a confidence score for each line of text in the
sample. Low confidence scores are useful flags for observations that would benefit from checking
the Textract output against the original files. We note that a very high value of this score does
not necessarily mean all of the text was read correctly. Table 1 reports the average for our whole
sample, which we believe is an overestimate.
Comprehend provides a confidence score for each entity that it classified. Confidence scores
are but one metric, so we used others to verify the quality of our curated data. When training the
custom Comprehend model, researchers are provided scores for precision, recall, and F1. These
represent the performance of the model during training; however, they are only an approximation
of the API performance during entity discovery.
The run times for each step are moderate. The entire process is automated and asynchronously
processed in the cloud. Other than uploading, downloading, and running the combine function
on the Comprehend output, the computation time is not a function of personal computers. While
Textract must run before Comprehend, the general Comprehend model and custom Comprehend
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models can run simultaneously to save computing time. We roughly approximate that our machine
learning approach saved about 820 hours (34 days) of manual data entry time. The cost of using
these AWS services is very low. The researchers pay per page processed. The total cost of our
full sample run was about $300.
Table 1: Computation Information. The computational times are reported from the full run
of 22,436 PDF images on a MacBook Pro with 8GB of RAM.
Function
Textract
Comprehend-General
Training Sample (Decision)
Comprehend-Custom
Combine Function

Time

Confidence

5 Hours
Average of 96.95%
7.5 Hours Average of 90.83%
15 minutes
.
3 Hours
Average of 90.60%
4 Hours
.

Precision

Recall

F1

.
.
94.56%
.
.

.
.
98.86%
.
.

.
.
96.66%
.
.

4.2 Special Cases
In this section, we review several common errors and edges case that arose in our application and
discuss how we flagged observations or remedied common problems.5
1. Due to smudged ink on the cards, Textract occasionally reads “Bank” as “Banic”, “Paid”
as “Pald”, and “Ren” as “Ben”.
Solution: We hard-coded functions to correct these issues and leveraged Python regular
expressions to identify other potential patterns.
2. If the text in the original file is slightly misaligned (e.g., the PAID stamp is slightly below
the loan line), Textract reads it as a new line and Comprehend fails to classify most of the
line.
Solution: We filtered the output file to observations that have many empty cells and either
merged the output with the line above (assuming it had the appropriate empty cell) or
flagged the observation to be checked.
3. The output of Comprehend’s general model occasionally miscategorized the bank and location. We wanted to be more confident in the labeling of these variables, so we also trained
5

We omit the some of the code that deals with these issues from the publicly available scripts on the GitHub
page in order to keep that code more generalizable.
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a custom Comprehend model on bank name and location.
Solution: In the combine function, where we merge the output of the two models, we
created an indicator variable that equals 1 if the general and custom model agreed on bank
name and an indicator variable that equals 1 if the general and custom model agreed on
location. Observations that do not have a 1 in each of these columns are flagged to be
checked.
4. The RFC cards also report loans granted to counties across the United States. In that
case, Comprehend would often categorize the loan recipient as the location, leaving the
organization blank.
Solution: We hard-coded a check for the word “county” in the records and flagged it, so
the line text can be checked for accuracy.
5. In reviewing the final CSV, it is often helpful to observe the Textract line that was used
to classify each variable. Furthermore, one does not want to omit any unused text in the
event that more variables need to be created later.
Solution: The last column of our CSV file is the raw text that was used to create each
variable, as shown in Figure 3. The paid date is not always reported, so we currently do
not create a variable for that. In the future, if we decide we need that information, it can
be created from the raw text column.

5 Conclusion
In this paper, we offer a solution for converting analog card index records to digital data frames by
employing AWS Textract and Comprehend services. These machine learning and natural-language
processing tools not only digitize text, but also classify text into relevant entity categories. We
tailor a workflow that is accurate, modular, and generalizable.
Many historical records are stored in the form of card indexes. In a search of the National
Archives Records Administration, records from the Department of Defense, War Department,
Department of the Navy, U.S. Bankruptcy Court, and many others include card indexes that
summarize important information that can be employed in academic research. In the Appendix,
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we offer several examples of card images from these records, where we believe our approach would
work well. The methods highlighted in this paper can be easily adapted for other unstructured
records, where difficulties include character recognition, inconsistent data reporting and formatting, and irregular naming.
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Appendix
In a search through the National Archives Records Administration, many record groups contain
card indexes. Panels (a) and (b) of Figure 7 display records from the U.S. Bankruptcy Courts.
These cards contain information on individuals (corporations), locations, dates, and more for
bankruptcy filings, which are presented in an unstructured manner. Data from these cards can
be employed in time series or spatial studies of financial distress.
Panels (c) and (d) of Figure 7 display records from the Department of Defense and War
Department, respectively, representing promotions and qualifications of service members. Data
from such records can be employed to study long-run effects of service or labor market outcomes.
Researchers seeking to convert these records to data frames will find the AI methods outlined in
this paper useful and efficient.
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(a) Record from the U.S. Bankruptcy Court.

(c) Record from the Department of Defense:
Air Force Award Cards.

(b) Record from the U.S. Bankruptcy Court.

(d) Record from the War Department:
Army Air Forces Qualifications.

Figure 7: Example card index records from the National Archives that can employ the methods
outlined in this paper.
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