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Preface 
Much of the work of modern governance, including delivery of public services, adjudication of 
entitlement to public benefits, and enforcement of legal mandates, is performed by administrative 
agencies implementing statutes, regulations, and other authoritative legal sources expressed in 
complex, interconnected texts. Understanding and complying with these rules is challenging for 
agencies, citizens, rule-drafters, and attorneys alike. 
 
Recent advances in AI, Machine Learning, Human Language Technology, Network Science, and 
Human Factors analysis offer promising new approaches to improving the ability of all 
stakeholders, including agencies themselves, to operate within this complex regulatory 
environment. The scale of administrative states means that the benefits of automation have very 
high potential impact, both in improvements to government processes and in the delivery of 
services and benefits to citizens. At the same time, the black-box nature of many automated 
decision-making systems, particularly sub-symbolic AI components such as those generated by 
machine learning algorithms, can create considerable tension with the norms of transparency, 
accountability, and reason-giving that typically govern administrative action. Explainable, 
responsible, and trustworthy AI is vital for addressing these factors.  
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ABSTRACT
We evaluate feasibility of automated identi�cation of comment
discussion passages and comment-driven proposed rule revisions
in the US Environmental Protection Agency’s (EPA’s) rulemaking
documents. We have annotated a dataset of �nal rule documents to
identify all spans in which EPA discusses and evaluates the merits
of public comments received on its proposed rules, and present
lessons learned from the annotation process. We implement several
baseline supervised discourse segmentation models that combine
classic linear learners with sentence representations using hand-
crafted features as well as Bidirectional Encoder Representations
from Transformers (BERT). We observe good agreement on anno-
tation comment discussions and our models achieve a classi�cation
F1 of 0.73. Public comment dismissals and rule revisions are substan-
tially harder to annotate and predict, leading to lower agreement
and model performance. Our work contributes a dataset and a base-
line for a novel discourse segmentation task of identifying public
comment discussion and evaluation by the receiving agency.

CCS CONCEPTS
•Applied computing→Law;E-government;Annotation; •Com-
puting methodologies → Discourse, dialogue and pragmatics;
Neural networks; Learning in probabilistic graphical models.

KEYWORDS
datasets, supervised discourse segmentation, public notice-and-
comment process, SVM, CRF, BERT

1 INTRODUCTION
Government agencies are created by the legislatures worldwide to
regulate social, economic, and political aspects of people’s lives.
These agencies belong to the executive branch of the government,
yet they create legally enforceable regulations and rules that im-
plement broad legislation. In the US, public notice-and-comment
processes have become an important venue for in�uencing social
and economic policy. In that, US agencies publish proposed rules
in the Federal Register (FR) and all interested parties are given
an opportunity to comment. Agency regulatory proposals receive
public feedback from individuals, businesses, organized groups (of
individuals or businesses), and other agencies. Comments represent

∗Corresponding author

In: Proceedings of the First Workshop on AI in the Administrative State, June 17, 2019,
Montréal, QC, CA.AIAS’19, June 17, Montréal, CA
© 2019 Copyright held by the owner/author(s). Copying permitted for private and
academic purposes.

heterogeneous interests in particular regulatory outcomes. The
agency is not obliged to react to each individual received comment.
However, it has to respond to comments that raise signi�cant issues
with the proposed rule and, if the points raised have merit, may
substantively revise of the rulemaking document. The �nal rule
document is published in the FR and contains the discussion of
submitted comments, or points to other documents in the docket
that address concerns raised in the comments.

The online forum for the US public notice-and-comment process—
regulations.gov—was launched in January 2003, as part of the US
eRulemaking program established as a cross-agency E-Gov initia-
tive under Section 206 of the 2002 E-Government Act (H.R. 2458/S.
803). In this collection, all documents pertaining to the develop-
ment of a particular rule are compiled in a regulatory docket. A
typical docket contains a proposed rule document, many public
comment documents, and a �nal/revised rule document.1 As such,
regulations.gov provides a testbed for study of the public notice-
and-comment discourse in the US.

In this work, we focus on (1) identifying spans in the �nal rule
documents that contain the agency’s discussion of the public com-
ments it received, and (2) classifying those spans as being either
dismissals of the commenter claims or revisions of the proposed
regulations prompted by the comment. In that, we analyze 353 US
Environmental Protection Agency (EPA) regulations proposed in
January 2003 or later, and �nalized as of March 2018.2

Our work contributes a dataset3 and a baseline for a novel dis-
course segmentation task of identifying public comment discussion
and evaluation by the receiving agency. Automatic detection of
comment discussion passages in the rulemaking documents could
improve the e�ciency of regulatory review conducted by experts at
a number of organizations, including the US O�ce of Information
and Regulatory A�airs, regulatory agencies, and other stakeholders
of the regulatory process. In addition, segmentation of regulatory
discourse is the �rst step bringing agency’s narrative deliberations
in the study of bureaucratic politics and decision making (e.g., reg-
ulatory capture theory) by economists and political scientists [37],
which to date has relied on structured data generated by surveys
and administrative record-keeping (e.g. permitting, inspections).

1Other documents, such as transcripts of public hearings, technical support documents,
detailed comment response documents, copies of pertinent scienti�c papers, e-mails
and other correspondence, may also be included. Finally, a docket may also contain
tabular data and software source code used to produce analytical results.
2We have chosen to focus on EPA because this agency published the most rules (⇠20%
of all rule documents) and received the most comment submissions (⇠ 10% of all
comment documents) in regulations.gov during the studied time period.
3The data and code are available at https://github.com/mug31416/PubAdmin-
Discourse.git
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2 RELATEDWORK
In the peer-reviewed literature, discussion of e-rulemaking bene�ts,
challenges, and related arti�cial intelligence (AI) methods began
in the early 2000s [9]. Over a decade later, surveys by [7] and [37]
describe several e-rulemaking initiatives that involved successful
applications of AI. One line of e-rulemaking research has focused
on tasks relevant to management of massive amount of public com-
ments received by agencies (e.g., [58], [31], [52]). Another line of
research, conducted as part of Cornell University’s RegulationRoom
project, has focused on tools to improve the quality of public dis-
course around rulemaking (e.g., [41], [46]). Research on the text
of rules developed by agencies has mostly focused on the search
for similar rules in the FR [33], rather than segmentation of the
comment-related discourse in the rule documents.

Prior to launch of regulations.gov, work on e-rulemaking
used several rule-speci�c comment collections that were either
shared by the agencies—EPA, Fish and Wildlife Service (FWS)—or
gathered as part of the RegulationRoom experiments in collabora-
tion with the US Department of Transportation (DOT). The tasks
have included near duplicate detection to address mass comment
campaigns [58], comment topic modeling [5, 8, 30, 51, 59], stake-
holder attitude identi�cation [1, 31], and presence of substantive
points in public comments [2, 44, 45, 57]. The RegulationRoom
project has generated a number or papers on argument mining
and con�ict detection within comments [29, 34, 43]. These research
e�orts have focused on examining only a few regulatory proceed-
ings at a time, whereas we evaluate a signifcantly larger dataset
containing hundreds of rule documents.

More recent work on e-regulation has analyzed public comment
data collected by regulations.gov [13, 14, 35, 37, 50, 52], rule-
speci�c data from the Canadian government [53], and data from the
White House e-petition platform [15, 19–21]. The tasks addressed
in this body of work are topic modeling [15, 20, 21, 35, 37, 52, 53],
sentiment analysis [13, 14, 37, 50], named entity recognition [20],
and social network analysis [19].

Segmentation of text into discourse units [38] is a core natural
language task. Many downstream tasks, such as information ex-
traction [27], sentiment analysis [3], information retrieval [16], and
summarization [4, 36], can bene�t from discourse segmentation.
Because lexical and syntactic text properties form important dis-
course clues [6], many segmentation methods rely on hand-crafted
features to capture them [17, 26]. Classic learning frameworks that
have been used for discourse segmentation are linear Support Vec-
tor Machines (SVM) [11] and linear-chain Conditional Random
Fields (CRF) [32].

One of the key challenges in discourse segmentation develop-
ment is the dearth of annotated data, which, until recently, pre-
vented the use of neural architectures. E�ective neural discourse
segmentation methods [22, 56] have relied on word representations
obtained from an external neural model trained to perform a re-
lated task using a large corpus [39, 49]. The state-of-the art neural
discourse segmentation framework [18, 56] has employed a Bidirec-
tional Long-Short-Term Memory-CRF architecture (BiLSTM-CRF)
[25] with an attention mechanism [55].

For our baseline model development, we have combined several
classic learning methods with hand-crafted, as well as neural sen-
tence representations, from Bidirectional Encoder Representations
from Transformers (BERT) [12], which were trained on English
Wikipedia (2,500 million words) and BooksCorpus (800 million
words) [60] using masked language and next sentence prediction
objectives. BERT representations have demonstrated to perform
well on a wide range of natural language processing tasks. We also
explore whether �ne-tuning of BERT on the unlabeled documents
in our corpus improves performance.

3 DATA
3.1 Rule-Making Documents
We work with the EPA’s �nal rule documents that are part of the
FR. Along with a summary, each of our documents can contain one
or more of the following sections: regulatory background, scope of
the regulation, rationale for action, technical material describing
the regulatory requirements, responses to public comments on the
proposed regulation, statutory and executive order review, and
legal references. We are interested in automated identi�cation of all
passages where the agency discusses public comments, which could
occur throughout the document and are not necessarily con�ned
to the comment response section.

We note that the structure of the �nal rule documents can vary
signi�cantly depending on whether it has been produced by the
EPA headquarters or a regional o�ce, as well as depending on the
speci�c EPA o�ce (e.g., O�ce of Water, O�ce of Air and Radiation).
For example, rule documents produced by the headquarters o�ces
are usuallymajor federal regulations that tend to be long and receive
signi�cant public feedback. On the other hand, rule documents
produced by regional o�ces tend to be shorter.4

It should be noted that our dataset only contains �nal rule docu-
ments as published in the FR. It does not include submitted comment
documents, technical support documents, or detailed, dedicated
comment response documents that are part of the docket but extra-
neous to the register.

3.1.1 Task 1: Detecting Comment Discussions. In the �rst task, we
want to identify the spans in the document where the EPA discusses
submitted public comments. Examples of a comment discussion
include:

• Descriptions of comments received by the agency. For exam-
ple, “EPA received comments suggesting that the de�nition
of clean alternative fuel conversion should be limited to a
group of fuels with proven emission bene�ts.”;

• Descriptions of the agency’s responses to the comments it
receives. For example, “ EPA believes however that the public
interest is better served by a broader de�nition that allows for
future introduction of innovative and as-yet unknown fuel
conversion systems. EPA is therefore �nalizing the proposed
de�nition of clean alternative fuel conversion...”.

By distinction, we are not interested in:
• Summarized feedback from petitions (as opposed to public
comments) to the agency;

4With the possible exception of the regional air quality rules that still tend to attract
considerable public attention
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• Descriptions of the public comments on another rule;
• Statements such as “we received no comments”;
• Passages discussing revisions of a regulatory standard rather
than revisions of the proposed rule;

• Referrals to another document in the docket with detailed
responses to comments.

3.1.2 Task 2: Classification of Comment Merit. In the second task,
we want to classify each comment discussion span as to whether
the discussed comment prompted a change in the �nal rule from
the proposed rule. As such, we are considering three categories:
passages in which the agency indicates a revision of the rule based
on a public comment, passages in which the agency dismisses
a comment, and neutral comment discussion passages (i.e., the
passages in which the agency neither dismisses the comment nor
indicates a revision).

Examples of formulations re�ecting comment-based regulatory
change are rule revisions and rule withdrawals:

• “To address concerns about space limitations, EPA will allow
the label information to be logically split between two labels
that are both placed as close as possible to the original Vehicle
Emission Control Information (VECI) or engine label.”

• “EPA agrees and is including use of this procedure in theOBD
demonstration requirement for intermediate age vehicles.”

• “The EPA has reviewed the new data submitted by the com-
menter and used these data to determine the revised MACT
�oor for continuous process vents at existing sources.”

• “EPA received one adverse comment from a single Com-
menter on the aforementioned rule. As a result of the com-
ment received, EPA is withdrawing the direct �nal rule ap-
proving the aforementioned changes to the Alabama SIPs.”

Examples of comment dismissals without a subsequent regula-
tory change are:

• “We disagree that our action to approve California’s mobile
source regulations that have been waived or authorized by
the EPA under CAA section 209 is inconsistent with the
Ninth Circuit’s decision...”

• “EPA is �nalizing the conversion manufacturer de�nition as
proposed.”

• “While we agree with the commenter that pressure release
from a PRD constitutes a violation, we will address this in a
separate rulemaking...”

• “In the �nal rule we will clarify our position...”
• “EPA appreciates support from the commenters for this ini-
tiative and agrees that the rule makes it possible for EPA to
process the TRI data more quickly.”

• “EPA believes that no further response to the comment is
necessary...”

We observe that this task requires considerably more complex
inference, potentially spanning multiple sections of the document.
As seen in the examples above, comment dismissals range from
very obvious to rather subtle. In turn, determinations of whether
a rule was materially revised based on the public comments may
also require a clear understanding of what was proposed in the �rst
place.

An extreme example of this can be seen from the following
comment dismissal sentence:

“Certain aspects of good engineering judgment described in the
exhaust control system, evaporate control system, and fuel delivery
control system sections may be approached di�erently than described
above, but EPA expects that test data demonstrating compliance is
required rather than optional in such cases.”

The sentence responds to technical objections to a regulation
by conceding that alternatives are valid (“may be approached dif-
ferently”) but goes on to state the substantive decision in domain
terminology (“compliance is required rather than optional”, suggest-
ing that the comment had advocated for the “optional” alternative).
Without context, it is unclear whether this sentence has anything
to do with comments at all, let alone whether required vs. optional
compliance results in it agreeing with, or dismissing, the comment’s
arguments.

3.2 Acquisition and Sampling
We have created our corpus from regulations.gov data by se-
lecting EPA regulatory dockets for rules proposed in January 2003
or later and �nalized as of March 2018. Our selection has been
constrained to dockets containing at least one proposed rule docu-
ment, at least one �nal rule document, and at least one comment
document. Our corpus contains 1,566 EPA dockets (meta-data 8.8
MB), 2,645 �nal rule documents (HTML, 376 MB), 2,531 proposed
rule documents (HTML, 400 MB), and 282,655 comment documents
(85% PDF, 36 GB; 15% plain text, 836 MB).

For the purposes of exhaustive rule document annotation, we
have used strati�ed random sampling at the docket level to select
two development docket sets (dev1 and dev2) and one test docket
set. The sampling procedure has ensured that the docket sets are a
representative mix of EPA program o�ces and regions.5 As such,
we have obtained 75 dev1-set dockets (116 documents), 76 dev2-set
dockets (136 documents), and 73 test-set dockets (99 documents).

In our qualitative examination of the regulatory documents, we
have found that the section headers of the rule documents are
often informative about whether a section contains a discussion of
public comments. To make use of this additional information, we
have applied the same random sampling procedure to the remaining
dockets to obtain 211 training dockets (817 training documents) and
103 validation dockets (197 validation documents) for the section
header annotation.

3.3 Preprocessing
The rule documents were processed in two steps. First, we have
applied a rule-based rule document parsing procedure to delete
tables, split the text into sections, and retrieve section titles of
the �rst and second level super-sections. This procedure exploits
the regular structure of documents to create heuristics applicable
to roughly 90% of documents.6 When exceptions to the standard
structure are detected, we manually �xed irregularities to enable

5For example, O�ce of Water/Headquarters, O�ce of Air and Radiation/Region 1 –
Boston.
6For example, the �rst and the second level sections are numbered consecutively in
Roman numbers and Latin letters, respectively.
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automatic parsing. Second, the section text has been split into
sentences, tokenized, and lemmatized using SpaCy [24]7.

3.4 Annotation
3.4.1 Rule Documents. We hired ten students from Carnegie Mel-
lon University and the University of Pittsburgh to perform the
annotation tasks during the period of February 2019–April 2019.
All annotators are at least second year undergraduate students. Five
of the annotators are masters students in �elds including computer
science, public health, product management, and international rela-
tions. The other �ve are undergraduate students in civil engineering,
creative writing, business, and human computer interaction.

The annotators were trained to perform the two tasks described
in Section 3.1.1 and Section 3.1.2. For the �rst task, each annotator
received an hour-long in-person training as well as individualized
feedback on a set of four training documents. For the second task,
the guidelines were delivered via a video. Each annotator received
50 documents on average, including reliability annotations. The
documents were allocated such that each annotator worked on a
balanced mix of documents from di�erent EPA o�ces, regions, and
dev1/dev2/test set dockets. The annotations were performed using
an online tool developed by a collaborating group at the University
of Pittsburgh called Gloss.

Finally, we note that some annotators did not complete all as-
signments for the segmentation task, leading to some redistribution
of work. The comment response classi�cation task was completed
by eight annotators of the initial ten annotators.

3.4.2 Section Headers. Annotation of the section headers was per-
formed by a sole expert annotator (the �rst author). To this end,
all unique section titles were extracted along with three samples
of the �rst paragraph following the section title. These examples
are used to judge whether a section contains comment discussion:
If all three sample paragraphs include comment discussions, the
section title is �agged as the comment-discussion-indicative title.8

4 METHODS
To generate baseline results, we use a classic linear SVM9 and
linear-chain CRF10 learners to segment the rule documents into
spans that contain public comment discussion and merit evalu-
ation by the agency.11 The bene�t of the CRF over the SVM is
that, when predicting a sentence label, it takes into account the
label of the prior and subsequent sentence in addition to the focal
sentence’s feature vector. In addition, to understand the impact of
incorporating feature interactions, we conduct experiments with
the Multi-Layer-Perceptron (MLP)[23].12

7Version 2.0.18 (model en_core_web_sm)
8For example, there were several �rst level section titles “What comments did EPA
receive?”.
9We use scikit-learn version 0.20.2 SVC implementation [48] with an error term penalty
parameter of 1, and 1,500 as the maximum number of iterations.
10We use PyStruct 0.3.2 implementation [42] of margin re-scaled structural SVM
using the 1-slack formulation and cutting plane method [28]. We used regularization
parameter of 0.1 and 1,500 as the maximum number of iterations.
11We have been unable to �t kernelized polynomial and RBF SVMs to our data because
these methods do not scale well to the size of our dataset.
12We use a scikit-learn version 0.20.2 MLP implementation [48] with one hidden layer
of 100 units optimized for at most 100 epochs at the default settings.

We estimate three binary sentence-levelmodels predictingwhether
a given sentence contains: (i) a public comment discussion, (ii) a
dismissal of a public comment by the agency, and (iii) an agency
decision to revise the proposed rule based on the public comments.
For the CRFmodeling, a training instance is a sequence of sentences
within the rule document section boundaries. The hyperparameters
have been tuned by �tting the models to the dev1-set and evaluating
results on the dev2-set.

4.1 Handcrafted Features
For sentence representation we concatenate three categories of
handcrafted features. First, we featurized the text of the sentence
for which the prediction needs to be made, as well as the text of the
preceding sentence, and concatenate the feature vectors. We use
original tokens (including stop words, but excluding punctuation),
modi�ed tokenswith attached POS tags, bigrams ofmodi�ed tokens,
and bigrams of POS tags.13 We apply feature hashing [40] to reduce
dimensionality. This results in a feature set of size 2,001.

Second, we featurized the text of the section header containing
the sentence in question. In that, we apply the same feature genera-
tion process used for sentences to the text of the sentence-bearing
section header and the header that precedes it. The dimension of
this feature set is 101.

Third, we also add a binary �ag equal to one if a header of the
section in which the sentence occurs has been predicted to con-
tain a comment discussion. We generate these predictions through
instance-based learning on the unique section headers from the
training set of dockets set aside for this purpose (see Section 3.4.2).
Based on the unique headers from the associated validation docket
set, this signal mining procedure has a recall of 0.54 and a precision
of 0.88.

4.2 Neural Features
We employ BERT[12] to create embedded vector representations
for sentences and section headers. BERT is a state of the art neural
network languagemodel trained on a large collection of English text
in a quasi-unsupervised fashion by having it learn to predict masked
words in a sentence, or to classify whether one sentence follows
another, or not. By doing so, BERT learns to maintain a neural
representation of language context. These vector representations
of English text can then be used as for various natural language
processing tasks and have been shown to yield signi�cantly better
performance than context-independent word embeddings.

As in case of the hand-crafted features, we concatenate both the
vectors of the sentence/header in question as well as the context
represented by the preceding sentence/header to form a �nal fea-
ture vector. We explore performance of the available pretrained
BERT model as well as a BERT model that has been �ne-tuned on
approximately 6,000 rule documents from our corpus that have
not been included in the annotated document sets. To this end, we
rely on a PyTorch[47] implementation of BERT.14 The size of the

13We do not use a TFIDF feature representation because it has not performed as well
as a simple count-based featurizer in our preliminary experiments.
14PyTorch Pretrained BERT: The Big and Extending Repository of pretrained Trans-
formers from https://github.com/huggingface/pytorch-pretrained-BERT. We used the
bert-base-uncased version of the model.

 4

https://github.com/huggingface/pytorch-pretrained-BERT


Segmentation of Rulemaking Documents AIAS’19, June 17, Montréal, CA

generated sentence/header embedding is 728. The �ne-tuned model
was trained for seven epochs.

5 EVALUATION
We evaluate the quality of the rule document annotation using Co-
hen’s kappa coe�cient [10], as well as qualitatively. Performance of
our baseline text segmentation models is evaluated on the test set at
the sentence level using area under the ROC curve (AUC), F1-score,
precision, and recall. We found a sentence to be the most meaning-
ful operational de�nition of a passage, because comment-discussing
sentences are often interspersed with ignorable sentences of a sec-
tion or a paragraph. For each model, the classi�cation cuto� has
been determined using a threshold that maximizes the F1-score on
the training data.

6 RESULTS
6.1 Annotation
Table 1 summarizes the key properties of the annotated dataset.
For this summary, we have converted span-level annotations into
sentence-level annotations. To this end, we have assigned a label to
a sentence if an annotator has marked 80% of tokens that make up
that sentence. For documents that have been annotated by multiple
individuals, we assign a label to a sentence if at least one individual
has labeled the sentence. This approach has been motivated by a
qualitative examination of annotations, which revealed low recall is-
sues for some annotators. Depending on the dataset, non-ignorable
content (i.e. text labeled as discussing comments) comprises 21%
to 33% of all sentences, comment dismissals comprise 4% to 5%
of all sentences, and comment-based revisions comprise 2% to 3%
of all sentences. Approximately half of all labeled sentences have
been annotated by two individuals. Due to the annotator attrition,
reliability annotations for a more re�ned labeling task (i.e., identi�-
cation of comment dismissals and comment-based rule revisions)
are available for 73% to 79% of all double-annotated sentences.

Table 1 also reports the inter-annotator agreement statistics,
while Table 2 summarizes agreement with the expert annotator
on four �nal rule documents used as part of the annotator train-
ing. (Expert annotations have been produced by the �rst author,
who has 10 years of professional experience in supporting EPA’s
regulatory proposal development.) For the non-ignorable content,
inter-annotator agreement scores range from 0.38 to 0.67 (depend-
ing on the dataset), whereas agreement with the expert is 0.74 on
average (range: 0.35–0.95). We note that agreement on this task ap-
pears to improve from the dev1 set to the test set, which may re�ect
that the annotators learned to do the task better over time, given the
order in which the documents have been assigned. Inter-annotator
agreement for the comment dismissal labeling task ranges from
0.18 to 0.32, while agreement on the comment-based rule revisions
is very low, ranging between 0.086 and 0.19. Agreement with the
expert on these tasks is also low: 0.33 (range: 0–0.54) for the com-
ment dismissals and 0.38 (range: 0–0.75) for the comment-based
rule revisions.

We have reviewed the annotator errors vis-a-vis the expert an-
notator. False negatives tend to occur most commonly when:

• The annotator captures only the initial part of the com-
ment discussion that contains typical lexical cues (e.g., “EPA

Table 1: Characteristics of the Annotated Data

Characteristic Dev1-
set

Dev2-
set

Test-
set

Number of the Data Set Elements
Dockets 75 76 73
Documents 116 136 99
Sections 2,197 2,123 1,766
Sentences 72,969 61,837 61,042
Words 1,820,619 1,583,518 1,430,134

Number of the Annotated Sentences
Non-ignorable content 19,465 20,105 12,979
Comment dismissals 3,527 3,225 2,202
Comment-based regulatory change 2,092 1,015 1,088

Number of the Double-Annotated Sentences
Non-ignorable content* 42,296 25,300 41,572
Re�ned content** 33,595 18,561 32,331

Annotator Agreement (Kappa)
Non-ignorable sentences* 0.42 0.52 0.67
Non-ignorable sentences** 0.38 0.43 0.64
Neutral comment discussion 0.39 0.44 0.66
Comment dismissals 0.32 0.18 0.29
Comment-based regulatory change 0.086 0.19 0.16
Multi-class 0.33 0.38 0.56
Notes: * Sentences for which double annotation of non-ignorable
content is available. ** Sentences for which double annotation of
content is also available.

Table 2: Annotator Agreement* with Expert

Kappa Mean Min Max

Non-ignorable content 0.74 0.35 0.95
Comment dismissals** 0.33 0 0.54
Comment-based revisions** 0.38 0 0.75
Notes: * Agreement is calculated at the sentence level for four �nal
rule documents. A total of 4,105 sentences are available for this
evaluation. ** These statistics are calculated for the eight
annotators who performed the task.

received comments suggesting...”, “Commenters noted...”,
“EPA agrees with the commenters...”) but fails to include
the entire—usually technical—comment discussion that can
span multiple subsequent paragraphs;

• A passage with comment discussion is “buried” in the middle
of a longer paragraph, as often happens when comments are
discussed in the background section;

• For themore di�cult annotation task of identifying comment-
based rule revisions and comment dismissals, we have noted
that false negatives tend to occur when the evaluation of the
passage requires complex inference. As such, the annotators
tended to be conservative about assigning these labels for
less obvious examples.
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For the false positives, we have observed the following tenden-
cies:

• EPA regulations are typically incremental, in that they often
tend to modify older, preexisting rules. Therefore, the �nal
and proposal rule document discuss changes/ revisions of
the prior regulatory standard. This has been a signi�cant
source of confusion for the annotators, who found it di�-
cult to separate comment-based revisions of the proposed
regulation from the revisions of the regulatory standard on
the regulatory agenda, leading to false positives.

• Another challenge for the annotators has been the decision
of when the discussion switches from comment-related to
the general topics, also leading to false positives.

• Speci�cally for the comment-based rule revisions, some an-
notators found it challenging to distinguish between revi-
sions of the proposed rule that were based on comments
from revisions that occurred for other reasons. For example,
the EPA may implement revisions based on new evidence
that emerges after the proposed rule is submitted for public
review.

6.2 Classi�cation Results
Table 3 shows the test set evaluation performance results for each
binary classi�cation task divided by learning framework and feature
set. With two exceptions, the models have produced better than
random predictions, with largest AUC of 0.928 noted for the non-
ignorable content prediction and smallest AUC of 0.677 noted for
the comment-based rule change prediction. These patterns largely
re�ect the di�erences in the quality of annotations obtained for
our prediction tasks, with the segmentation task being signi�cantly
easier than the comment response classi�cation task.

For the non-ignorable content prediction, linear models produce
recall in the range of 0.435–0.687 and precision in the range of
0.749–0.878. Unsurprisingly, for the more complex annotation tasks
with low annotator agreement, classi�cation quality is poor. For the
comment dismissal prediction, recall is 0.025–0.445 and precision is
0.194–0.510, whereas for the comment-based rule change prediction,
recall is 0.020–0.163 and precision is 0.091–0.175.

6.2.1 Linear Model Analysis. CRF model results do not appear to
be materially di�erent from those generated by the SVM model
on the same handcrafted feature set, albeit taking into account the
labels of neighboring sentences. We note, however, that the CRF
models have produced consistently higher recall and F1 scores,
compared to the SVM models estimated on the same feature set.
Because we experienced some convergence problems with CRF
models, we have �t them to only one feature set.

Table 3 also shows that neural BERT features tend to generate
higher AUC and higher precision, whereas the handcrafted features
yield better recall. We note that for the comment-based revision
prediction task with considerable label noise, SVM models based
on neural features have collapsed to the majority class predictions.
This is likely due to a combination of low quality annotations and
sparse labels.

We also observe that neural features based on the �ne-tuned
BERT can perform better than those using out-of-the-box BERT
(e.g. best AUC and precision on non-ignorable content prediction).

Interestingly, combining neural and handcrafted feature sets gener-
ally does not produce synergy performance increases, which could
be due to the substantial increase in the overall feature dimension,
or the lack of feature interaction capacity in linear models.

Table 3: Baseline Test Set Results

Model AUC F1 Prec. Recall

All Non-ignorable Content

SVM+HCF 0.9110 0.7105 0.7941 0.6427
CRF+HCF n.a. 0.7172 0.7498 0.6873
SVM+BERT (as is) 0.9210 0.6852 0.7754 0.6138
SVM+HCF+BERT (as is) 0.9146 0.6627 0.8236 0.5543
SVM+BERT (tuned) 0.9277 0.5821 0.8778 0.4354
SVM+HCF+BERT (tuned) 0.9003 0.6697 0.7494 0.6053

Comment Dismissals

SVM+HCF 0.7596 0.1665 0.2993 0.1153
CRF+HCF n.a. 0.2090 0.2254 0.1949
SVM+BERT (as is) 0.8688 0.0725 0.4123 0.0397
SVM+HCF+BERT (as is) 0.8618 0.2699 0.1936 0.445
SVM+BERT (tuned) 0.8690 0.0474 0.5102 0.0249
SVM+HCF+BERT (tuned) 0.7498 0.2637 0.2813 0.2481

Comment-based Regulatory Change

SVM+HCF 0.6773 0.0686 0.175 0.0205
CRF+HCF n.a. 0.0880 0.0911 0.0851
SVM+BERT (as is) 0.8017 n.a. n.a. n.a.
SVM+HCF+BERT (as is) 0.7355 0.0936 0.0914 0.0958
SVM+BERT (tuned) 0.8149 n.a. n.a. n.a.
SVM+HCF+BERT (tuned) 0.7901 0.1238 0.0996 0.1634
Notes: HCF – hand crafted features. AUC – area under the ROC
curve. CRF model does not produce con�dence scores, hence AUC
estimation was not possible. The classi�cation cuto� was chosen
to maximize F1 score for each model.

6.2.2 Multi-Layer Perceptron Results. In a second set of experi-
ments we assessed whether classi�cation performance increases
with models that allow for feature interactions. To this end, we
trained a series of Multi-Layer-Perceptron models (i.e. a neural net-
work with one hidden layer of size 100 and a two-class softmaxed
output) on our tasks and feature sets. Table 4 contains the results
we obtained on two MLP variants that di�er by whether they in-
clude a Recti�ed Linear Unit (ReLU) activation function before the
�nal softmax (MLP-ReLU), or an identity transformation (MLP-Id).
The practical di�erence is that a ReLU activation will truncate all
incoming negative activation values to 0 and leave positive ones
unchanged.

For Task 1, we observe that nonlinear models using BERT fea-
tures can achievemarginally higher F1 scores than the linear models
shown in Table 3 at some cost of AUC. We also see that adding
handcrafted features to a model can yield some performance syn-
ergy in most conditions. From this we infer that nonlinear models
can potentially produce better results on our dataset, and hence we
plan to experiment with recurrent or dilated convolutional models
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for sequence tagging to leverage the document context in future
work.

Linear models perform better than nonlinear models on Task
2 (dismissal and change classi�cation), albeit not well by absolute
standards. We attribute this to a combination of larger class im-
balance and low quality annotations as evidenced by agreement
scores.

Table 4: Auxiliary Test Set Results

Model AUC F1 Prec. Recall

All Non-ignorable Content

MLP-ReLU+HCF 0.7981 0.6802 0.7189 0.6455
MLP-Id+HCF 0.7957 0.7012 0.8058 0.6206
MLP-ReLU+BERT (as is) 0.7491 0.6381 0.8274 0.5194
MLP-Id+BERT (as is) 0.6872 0.5349 0.8766 0.3849
MLP-ReLU+HCF+BERT (as is) 0.8043 0.6709 0.6676 0.6742
MLP-Id+HCF+BERT (as is) 0.8318 0.7351 0.7676 0.7053
MLP-ReLU+BERT (tuned) 0.8050 0.6863 0.7120 0.6624
MLP-Id +BERT (tuned) 0.7738 0.6775 0.8363 0.5694
MLP-ReLU+HCF+BERT (tuned) 0.8150 0.6986 0.7147 0.6832
MLP-Id+HCF+BERT (tuned) 0.8434 0.7232 0.6984 0.7499

Comment Dismissals

MLP-ReLU+HCF 0.6021 0.2334 0.2376 0.2292
MLP-Id+HCF 0.5855 0.2191 0.2597 0.1895
MLP-ReLU+BERT (as is) 0.5141 0.0555 0.3974 0.0298
MLP-Id+BERT (as is) 0.5194 0.0740 0.3562 0.0413
MLP-ReLU+HCF+BERT (as is) 0.6458 0.2529 0.2026 0.3366
MLP-Id+HCF+BERT (as is) 0.5758 0.2090 0.2819 0.1661
MLP-ReLU+BERT (tuned) 0.5793 0.2129 0.2727 0.1745
MLP-Id +BERT (tuned) 0.6112 0.2579 0.2727 0.2447
MLP-ReLU+HCF+BERT (tuned) 0.6021 0.2334 0.2376 0.2292
MLP-Id+HCF+BERT (tuned) 0.5745 0.2100 0.2980 0.1621

Comment-based Regulatory Change

MLP-ReLU+HCF 0.5276 0.0837 0.1262 0.0626
MLP-Id+HCF 0.5186 0.0661 0.1881 0.0401
MLP-ReLU+BERT (as is) 0.5038 0.0163 0.1059 0.0088
MLP-Id+BERT (as is) 0.5014 0.0058 0.2727 0.0029
MLP-ReLU+HCF+BERT (as is) 0.5273 0.0785 0.1000 0.0646
MLP-Id+HCF+BERT (as is) 0.5207 0.0719 0.1790 0.0450
MLP-ReLU+BERT (tuned) 0.5009 0.0039 0.2857 0.0020
MLP-Id +BERT (tuned) 0.5028 0.0115 0.3158 0.0059
MLP-ReLU+HCF+BERT (tuned) 0.5554 0.1168 0.1065 0.1292
MLP-Id+HCF+BERT (tuned) 0.5573 0.1199 0.1091 0.1331
Notes: HCF – hand crafted features. AUC – area under the ROC
curve. MLP-ReLU – a multi-layer perceptron with one hidden
layer with 100 units and a ReLU non-linearity followed by a
Softmax. MLP-Id – a multi-layer perceptron with one hidden layer
with 100 units and an identity non-linearity followed by a Softmax;
this model is equivalent to a generalized linear regression model
with interaction terms. The classi�cation cuto� was chosen to
maximize F1 score for each model.

6.2.3 Error Analysis. For our best-performing models we have
generated and examined �ve random examples for each type of
error. Our �ndings are as follows:

False Positives: The models tend to produce false positives when
sentences contain certain trigger words (such as “response”, “re-
vision”, “�nalizing the rule as proposed”) yet the overall context
of the passage is not related to the discussion of public comments.
For example, these trigger words have been observed in passages
discussing petitions and revisions of the regulatory standard that
are not based on comments, similar to mistakes made by human
annotators. There is also a fair share of label noise: As noted earlier,
the annotators have been challenged by longer comment discus-
sions and occasionally failed to capture the entire relevant span.
We also conjecture that in this case the models have been guided
by the section-header related signal.

False Negatives: The false negatives tend to occur in sections that
do not commonly contain comment discussion (e.g., “Background”,
“Executive Order Review”). Sentences that lack the boilerplate lan-
guage (e.g., “response”, “EPA”, “comment”) also tend to be missed
more often. As with the false positives, we observed some amount
of label noise, often in cases when the annotators mislabeled discus-
sions of regulatory revisions that have not been driven by public
feedback or when annotators have failed to determine an appropri-
ate boundaries for the technical discussion of comments.

Label Confusion: We have observed several cases of the models
being confused about the polarity of EPA assessment, particularly
when the sentence has included trigger words such as “agree” and
“disagree” together.

Parsing: We have noted several instances of erroneous sentence
parsing (e.g., a citation “40 CFR 51.1010(b).” has been isolated as a
sentence) that lead to classi�cation errors. This issue could be reme-
died by a sentence boundary detector oriented towards processing
legal text [54].

7 DISCUSSION
It is likely possible to automatically identify certain type of con-
tent in regulatory documents with irregular structure. Our baseline
segmentation performance for detecting comment discussion sen-
tences with recall in the range of 0.435–0.687 and precision in the
range of 0.749–0.878. While we have focused on identifying com-
ment discussion by the receiving agency, we believe that there are
other types of content (e.g., regulatory requirements) automated
segmentation of which may be both, desired and feasible. Detect-
ing speci�c comment discussions that either dismiss comments
or announce rule revision turns out to be a harder task for both
annotators and, consequently, for models. Moving forward, this
begs the question of which information need the model caters to. If
value is added by quickly pointing an expert to comment discussion
passages, then a well-performing model is within reach given good
training data. On the other hand, an automated analysis of topics
for which comments have been in�uential remains a hard problem.

Second, we note that our dataset has been compiled using highly
educated non-expert annotators. We have found that this type of
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background is su�cient for producing relatively coarse annota-
tions (e.g., identifying parts of the document that contain comment
discussion). We have measured the annotator-expert agreement
of 0.74 for the comment discussion identi�cation task. However,
more re�ned annotation tasks, such as the ones determining the
agency’s responses to public feedback, would likely require expert-
level understanding of the domain.

We believe that our baseline modeling results can be further
improved by developing a fully neural sequence tagging model,
such as the one developed for the standard discourse segmentation
corpus [56]. However, even with access to the sequence encoders
such as BERT, the limited size of our corpus may still present a
modeling challenge.

Another immediate options for improvement would be to remedy
the label sparsity for the comment dismissal/revision classi�cation
by training models only on data that is known to contain comment
discussion (i.e. on the non-ignorable sentences) and compose a two
tiered model to �rst detect comment discussions, and then then
classify their polarity.

8 CONCLUSIONS
We have produced a dataset and baseline for a novel discourse
segmentation task of identifying public comment discussion and
evaluation by regulatory agencies. In doing so we presented ev-
idence that detecting comment discussions automatically using
mainstream NLP techniques is feasible given good training data.
Classifying discussions of a particular type is harder both because
of data sparsity and low annotator agreement. While good general
detection performance will add value in some practical settings,
we see opportunity for further improvement in the use of neural
sequence tagging models, albeit subject to the limitations of data
quality as a function of annotator expertise, training, and type
system design.
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ABSTRACT
The number of messages that the Netherlands National Police (NNP)
receives (e.g. from international partner institutes and citizens)
grows steadily every year. The NNP has initiated a number of
projects to develop arti�cial intelligence systems that assist in the
processing of such messages. In this demo, we show a prototype of
one such system that will be used for supporting the processing of
messages from international (Interpol) partners.

CCS CONCEPTS
• Information systems→ Expert search.

KEYWORDS
computational argumentation, decision-support, multi-agent sys-
tems

1 INTRODUCTION
The number of messages that the Netherlands National Police (NNP)
receives grows steadily every year. Such messages range from noti-
�cations from citizens to requests for assistance from international
partner institutes. The NNP has initiated a project to develop arti�-
cial intelligence (AI) that assists in the processing of such messages,
creating autonomous software agents that support human opera-
tors. The use of natural language processing tools is a cornerstone
of the agents, because incoming messages are typically free-text
(e-mails, online forms). Furthermore, it is important that the agents
are designed in such a way that every major decision is made trans-
parently, and that legal and ethical rules and regulations can be
enforced.

The demo system enhances the existing processing of messages
that are received through the Interpol channel. An overview of
the goal system incorporated into the Interpol message process-
ing work�ow is shown in Figure 1. The pink components with
human icons are the human operators. The orange components
with the computer chips represent agent components. The yellow
components are components without agency.

Currently, a coordinator monitors all the incoming messages
and categorizes them on priority, theme and relevancy for The
Netherlands. The coordinator may answer the message directly,
forward the message to a specialist for further processing, or choose
to ignore the message, for example because it is not relevant for
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the Netherlands. Specialists specialize in topics such as counter-
terrorism and child sex tourism. Usually they have access to domain
data and contacts that are relevant for their expertise. A specialist
can forward a message internally or answer it directly.

The �rst agent that is inserted into the work�ow is the Triage
Agent, which supports the coordinator by performing classi�cation
and information extraction tasks. What is the theme, priority and
relevance of the messages? Which entities (persons, bank accounts,
countries, organisations) are mentioned in the message? What is
the intent of the sender – are they asking for information, or do they
expect the Dutch police to take action? Not all these questions can
be answered given just the message. For instance, the occurrence
of a person in the police databases may determine the relevancy
for The Netherlands. The Triage Agent thus reads the e-mails and
supports the coordinator. If the coordinator agrees with the agent,
they forward the messages with the relevant annotations (entities,
intent, priority level, etc.).

The second type of agent is a Specialist Agent, which supports
specialists to do routinework on their respective themes. The agents
that work for the specialists will formulate the task that is required
given the message, execute it, and then report their �ndings to the
specialist as an enhancement of the initial message. The idea is that
the specialist ultimately receives messages as if a colleague already
processed it. For instance, consider a noti�cation that during a
routine border patrol a Dutch vehicle was found to contain illegal
drugs. The Triage Agent already determined the vehicle to be indeed
Dutch and the message is forwarded to the specialist agent for drug
related crime. This specialist agent has access to current drug-
related investigations such as which organizations are of special
interest. It tries to match the noti�cation to existing investigations
or otherwise initiates a new one. By the time the specialist receives
the noti�cation from agent he or she can immediately see how the
noti�cation relates to past information and what course of action
would be prudent. The main task of the specialist then becomes the
monitoring and training of the agent.

A �nal piece of functionality will be to aggregate the messages.
At the NNP we are working on real-time monitoring of intelligence
data from international partners, combining it with open source
intelligence (news, Wikipedia, Twitter) and in-house intelligence
from the NNP.

2 AGENT ARCHITECTURE
The architecture we use for the individual (Triage and Specialist)
agents is the same architecture that we have used in our other
project Intelligence Ampli�cation for Cybercrime (IAC) [1], in which
we have designed an agent to assist the NNP in the assessment of
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Figure 1: AI-assisted message processing multi-agent system overview.

crime reports submitted by civilians. In a nutshell, the agent ap-
plies information extraction techniques to understand a document,
applies legal reasoning to determine whether more information
is required and applies a policy that is optimized for e�ciency to
determine the next action.

The agent’s goal is to produce some (information) product such
as a report, reply or analysis. We refer to a coherent sequence of
interactions with the environment as a session. For example, a
session can be a sequence of database queries that were required
to respond to a message. A session always ends with a terminal
action. For instance, terminal actions can be to ignore the message,
forward it or answer it directly.

For many law-enforcement applications we need to be able to
check why the agent suggests (or directly executes) some terminal
action. The basis for many decisions is legislation. Hence, we draw
upon the �eld of computational legal argumentation (cf. [2]) to
ensure that the agent has an argument grounded in the relevant
rules and regulations when it decides upon a terminal action. The
agent architecture is designed for creating agents that e�ciently
seek information in their environment and transparently decide on
what terminal action ought to be executed [4].

Figure 2 shows an overview of the agent architecture. The de-
ployment phase concerns the actual functionality of the agent.

The training phase is required to con�gure the deployment phase
components. The deployment components are the top-half (blue)
components. The training components are the bottom-half (green)
components. The monitor interface and argumentation engine are
used in both phases.

2.1 Deployment
The agent connects to its environment through an external interface.
That interface di�ers per application. In the message processing sys-
tem, it will contain functionalities such as forwarding e-mails and
querying databases. Typically, the external interface is implemented
as a layer that calls di�erent APIs of other systems and passes on
the callback. The aim of the agent is to create some (information)
product such as a message which is annotated with analyses and
suggested actions. These products are stored in the product database.
Such a product is typically built in two phases: �rst the agent tries
to �nd enough information to make a �nal decision on the product,
and second the �nal decision results in a terminal action.

External information, such as a message and database results,
are feedback which the external interface sends to the internals of
the agent. The feedback is put through a pipeline of classi�ers and
attribute extractors which turn the feedback into structured data
(statements about the feedback which are attributes and Boolean
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Figure 2: Agent architecture.

observations). For our earlier IAC intake agent, we use existing
named entity recognition software [3] and bespoke classi�ers (cf.
Section 2.2) to classify and extract entities (e.g. the suspect, the
victim, addresses) and relations (e.g. “the suspect received money
from the victim”). For the Interpol Triage agent we use Spacy as the
basis and apply pre- and post-processing to improve upon its base
performance. Our choice for Spacy was based on its ease-of-use
and available multi-language models for NLP.

The classi�cation and extraction pipeline consists of many sepa-
rately constructed components which may result in inconsistent
results. Hence, we apply a consistency control mechanism which
makes sure that the data is consistent. It also checks whether the
data is complete. That check is mainly for ful�lling the precondi-
tions of �nal actions, e.g., administrative requirements. The result
of this controller is what we consider to be the state of current
session, where a session is a sequence of actions after the initial
input until the information product is produced (i.e. the suggested
course of action for the user).

The actual decisionmaking of the agent is executed by a decision-
making policy. Based on the state, it determines the next action; this
can be an information gathering action (query) or a terminal action.

The policy may draw upon the argumentation engine in order to
argue for or against an action. The actuator of the agent prepares
the action for execution through the agent’s external interface. For
instance, the action might be an information gathering action upon
a database. The actuator may then formulate an SQL query which
the external interface ensures is sent to the appropriate database
and returns the result as feedback to the classi�cation and attribute
extraction pipeline.

2.2 Training
The monitor interface allows a human operator to monitor the
agent’s activities and control its training phase. The human op-
erator uses the monitor interface also to create labelled data by
approving or disapproving (part of) the agent’s activities. The mon-
itor interface also shows the argumentation behind core decisions.
This connection is not shown in the �gure as showing the argu-
mentation does not directly impact the agent’s decision-making.
However, it does help the human operator to understand the choices
of the agent and localize where potential corrections have to be
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made. The training of the agent is based on example data and con�g-
uration settings of its di�erent training tasks. For the observations
and attributes, we apply supervised learning which is enabled by
the gathering of labelled data during deployment. An automated
experimenter module tries di�erent algorithms in order to deter-
mine for each observation and attribute what the best classi�er or
extractor is.

The policy of the agent is shaped by reinforcement learning
(although other methods can be used). The policy learner tries to
create a policy which e�ciently interacts with the environment.
For instance, it may try to minimize the amount of data that it
queried from databases. In order to practice these interactions, the
policy learner requires an environment model that is generated
from the training data. The model captures for instance probability
distributions over random variables that the agent encounters. At
the moment the model’s implementation is a Bayesian network
where its nodes are observations that the argumentation module
may use to construct arguments with. For reinforcement learning,
we apply the argumentation engine as part of its reward function.
The agent gets a positive reward when it achieves a state such
that more feedback from the external interface cannot change its
opinion on the terminal action. When such a state is reached, it
is natural to opt for the terminal action that the agent can argue
for [4].

3 DESIGN CONSIDERATIONS
The application of autonomous A.I. systems requires careful con-
siderations with respect to their potential impact. We decided to
restrict the agent’s capabilities to reading messages, querying sys-
tems and presenting information to the human operator since we
cannot guarantee correct behaviour due to the agent’s reliance on
imperfect information extraction. The agent has no capability for
updating databases or sending messages without explicit approval
from the human operator.

During deployment, every decision outcome of the agent is doc-
umented in its trace for auditability and can be inspected by a
human operator. However, it should be noted that it is not always
possible to completely reproduce the behaviour of the agent: some
queried databases contain data that is forbidden by law to store
in the same environment. Hence, it is for instance not allowed to
store raw database query results. As a result, there are situations
in which it cannot be reproduced which information the agent ex-
actly had when it made a decision. This happens for example when
source databases are updated. The human operator can provide
feedback through the monitor interface which can be taken into
consideration when the system is retrained/adjusted.

Interpretability has been an import design in�uence from the
start. It was determined early on that extracting information from
data will be a hard to interpret exercise under most circumstances.
From this point of view, it was not desirable to design the appli-
cation as an end-to-end system. Instead, it was opted to create a
method where the granularity of extraction can be balanced with
interpretability and transparency. In short, we designed the system
in such a way that we can choose how much information is ob-
tained through extraction techniques and how much is inferred by
argumentation. Generally the trade-o� is accuracy vs. transparency.

In order to increase and maintain the accuracy of the agent, we
rely on three pillars: A) human operators keep providing training
data, which is done not only for keeping the data up-to-date, but
also to comply with expiry dates of data; B) the auto-experimenter
rigorously searches for the best models; and C) collaborations with
academia ensure that the latest academic results are tried and tested.

4 CONCLUSION
In this paper we brie�y discuss a multi-agent architecture for han-
dling messages from international Interpol partners to the NNP, as
well as the architecture of a single agent. In our live demo, we show
the workings of a single Triage Agent with a realistic example. We
encourage interested programmers to contact the authors for the
source code.
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ABSTRACT 
In this position paper, we suggest that accessibility is an emerging, underfulfilled 
legal requirement that presents not only a potential locus for activity but also an 
avenue for research. We describe the use of machine-learning-based image 
classification as a managerial support tool for accessibility enhancement, and 
suggest directions for further research. Although this discussion focuses on the 
government information landscape in the United States, the adoption of the Web 
Content Accessibility Guidelines in the European Union extends its applicability.   
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CCS CONCEPTS 
• Accessibility •  Assistive technologies  • People with disabilities 
 
KEYWORDS 
Accessibility, Artificial Intelligence, Regulations 

1 Information Accessibility and Government Administration 
The availability of government information is well accepted as a requirement for efficient public 
administration. Machine-readability of administrative information, although frequently acknowledged as 
a goal, is often neglected. As a basis for accessibility for the disabled, it receives even less attention. This 
discussion focuses on Web Accessibility, although it views web accessibility as a consequence of 
document accessibility. Although this discussion focuses on the United States, the adoption of the Web 
Content Accessibility Guidelines in the European Union [1] extends its applicability.  
  
1.1 Regulatory Requirements 
In the United States, the 1998 amendments [2] to The Rehabilitation Act of 1973 [3] explicitly require 
that federal electronic and information technology (EIT) be accessible to people with disabilities. The 
regulations promulgated under the 1998 amendments required adoption of standards consistent with (but 
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not identical to) the Web Content Accessibility Guidelines Version 1.0 Level A. [4] In 2017, the 
regulations were refreshed to incorporate by reference the Web Content Accessibility Guidelines Version 
2.0.[5]  
 
1.2 Document Accessibility and Web Accessibility Content Guidelines 
The Web Content Accessibility Guidelines provide both specific requirements and a general framework 
for understanding what makes a document accessible. The acronym “POUR” (Perceivable, Operable, 
Understandable, Robust) summarizes these requirements, the most fundamental of which ensure that 
information (e.g., words) not be locked in a medium (e.g., a picture PDF) that cannot be perceived by a 
person with a disability (e.g., blindness). [6]   
 
1.3 Non-Compliance 
In 2008 (ten years after the 1998 amendments), the Digital Communications Division of the Department 
of Health and Human Services (HHS) wrote:  

“Section 508 requires that Web sites and associated content created with federal funding, whether 
internal or external, government- or contractor-hosted, are accessible to persons with disabilities. 
The law has been in effect since June 21, 2001. Federal compliance – including that of HHS -- has 
lagged.” [7] 

By that point, the 2.0 version of the Web Content Accessibility Guidelines was about to be released. 
HHS’s compliance timetable put completion at 2013. 
 
In 2018, WCAG 2.0 became the standard for Federal websites. The safe harbor provision, however, 
protected legacy content.  
 

“This safe harbor provision applies on an “element-by-element” basis in that each component or 
portion of existing ICT is assessed separately. In specifying “components or portions” of existing 
ICT, the safe harbor provision independently exempts those aspects of ICT that comply with the 
existing 508 Standards from mandatory upgrade or modification after the final rule takes effect. 
This means, for example, that if two paragraphs of text are changed on an agency Web page, only 
the altered paragraphs are required to comply with the Revised 508 Standards; the rest of the Web 
page can remain “as is” so long as otherwise compliant with the existing 508 Standards.” [5] 

 
As of this writing, even Section508.gov and 18F’s Accessibility Guide yielded accessibility errors.  
 
Beyond the protection of the safe harbor, government agencies persist in publishing new, non-accessible 
content. Most prominently, on April 18, 2019, the U.S. Department of Justice released the much-
anticipated so-called Mueller Report as an image-PDF, downloadable from a web page that displayed the 
following notice:  
 

“The Department recognizes that these documents may not yet be in an accessible format. If you 
have a disability and the format of any material on the site interferes with your ability to access 
some information, please email the Department of Justice webmaster. To enable us to respond in 
a manner that will be of most help to you, please indicate the nature of the accessibility problem, 
your preferred format (electronic format (ASCII, etc.), standard print, large print, etc.), the web 
address of the requested material, and your full contact information, so we can reach you if 
questions arise while fulfilling your request.” [8]  
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Although the most high-profile, this is far from the only example of new, non-compliant content published 
on federal agency websites. 
 
1.4 Publication Practices  
The Mueller Report is a good example of a general data impoverishment phenomenon in government 
publishing, which deserves to be the object of attention from all communities that consume government 
information. The Mueller Report could not have been drafted as a set of pictures of words; rather, the 
original, machine-readable document had to have been converted for publication into a set of pictures. 
This data-impoverishment process is not unique to this document - it can be observed throughout the Code 
of Federal Regulations. Documents that had to have been authored electronically are converted to pictures 
for publication, leaving the data consumers to “unscramble the egg” and convert them back into machine-
readable data formats.  

2 Artificial Intelligence and Document Accessibility 
Although there is promising work, notably from Rohatgi [9], Wu et al. [10], and Choi et al. [11], to support 
extraction of machine-readable data from images of charts, graphs, and other data artifacts, for researchers 
and application developers, common image types have not been addressed systematically.  
 
2.1 Workflows, Experimentation, and Decision Support 
 
LII has begun a pilot project to establish a data conversion workflow and support automation efforts for 
data-de-impoverishment. The approach has been three-pronged: 1) manually sort and convert figures to 
SVG and images of equations to MML; 2) annotate SVG images with descriptions of their content; 3) 
research machine-readable data sources represented as pictures; 4) apply machine-learning techniques to 
provide decision support for human annotation and conversion.  
 
The pilot project involved collaboration from a specialist in graphics conversion, law and computer 
science students, and LII’s text specialist. The graphics conversion specialist analyzed 14,486 images from 
the Code of Federal Regulations and sorted them into categories, such as math (6255), diagrams (1410), 
data tables (1238), maps (3194), forms (1892), labels (351) and logos (77) (some outlier categories, such 
as photographs, were discovered in the process). Images transformed prior to this project (1149) were 
sorted into math (241) and non-equations (908) and set aside for testing. The images were grouped 
according to which areas of the CFR they appeared in and prioritized according to how much web traffic 
each containing document (section or appendix) received on the LII website. As of this writing, the 
graphics conversion specialist has converted 2913 math elements to MML and 1005 diagrams to SVG 
format. Also as of this writing, law students have located alternate sources for 2706 images, most notably 
over 90 images of pages from the 1991 Standards for Accessible Design as Originally Published on July 
26, 1991. The data that has been gathered and generated in this process will be reusable for other such 
endeavors.  
 
In the process of planning our accessibility project, we discovered the following. First, manual annotation 
of images has proceeded quite slowly compared with other tasks. As of this writing, fewer than 100 image 
annotations have been completed. Second, math conversion is much faster than SVG conversion. Third, 
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sorting for the purposes of identifying good candidates for SVG conversion produces a different 
categorization than sorting for purposes of distinguishing similar content.  
 
Because we wished to deploy newly-accessible content as quickly as possible, we focused on techniques 
that would enable us to quickly prepopulate a queue with mathematical content, which is easy both to 
classify and convert. At the same time, the classification process provides additional clues to aid in re-
sorting non-mathematical images for further treatment. Using Keras and OpenCV, we trained a classifier 
on the eCFR images for the purpose of identifying math. Initial results yielded precision 0.86 and recall 
0.88. In practical terms, this approach immediately identified 215 out of 243 math images for conversion 
and incorrectly identified only 35 out of 875 non-math images. This enables us to speed deployment by 
prepopulating a queue through automation.    
 
FUTURE WORK 
 
The initial proof-of-concept effort simplified the task to address identification of mathematical images 
and non-mathematical images. This pre-sorting is adequate for estimation purposes and enables us to 
generate machine-readable data before comprehensive sorting is complete. 
 
Because conversion projects frequently include tabular data, forms, and textual images, training the model 
using additional categories would be quite valuable. Because images may contain mixed content, feature 
identification and multi-label classification are natural areas for further work.   
 
The initial proof-of-concept effort deliberately eschewed image preprocessing. Characteristics of the 
images suggest techniques for producing more robust and comprehensive models. For example, basic 
case-insensitive extraction detected image labels - variants of the terms “figure” (1395), “illustration” 
(19), “plate” (240), or “legend” (410) - in approximately 14% of the training-set images. Because the 
choice to annotate within the image rather than within the text surrounding the image should be arbitrary, 
and because images classified as equations almost never have a legend, it seems worthwhile to purge the 
image legend before training.  
 
Finally, thus far, we have not take advantages of metadata external to the images themselves. Because the 
images in question are embedded within documents that are published on the web, several additional 
variables could be made available to the model. The training data could include the catchline for the 
section or appendix within which the image appears; the full structural location of that document; the text, 
if any, immediately preceding or following the image; terms assigned to the containing document from an 
unsupervised topic model; terms assigned to the containing Part by the Office of the Federal Register; 
even variables such as co-location within a single document or volume of web-traffic to the containing 
document could prove relevant to image type and could be worth testing.  
  
CAVEATS AND CONCLUSIONS 
 
As mentioned earlier, in this pilot study, the greatest impediment to training a model proved to be some 
subtle and some not-so-subtle differences between the type of classification needed to support 
professional workflow and the type of classification that would support automated extraction. Because 
our preferences for populating the workflow in this instance were determined by the volume of traffic 
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and co-location of images within a section, several types of content were not distinguished in the initial 
sorting. For example, where multi-page forms appeared, images containing entirely textual content (such 
as full pages of instructions) were not distinguished from the form pages for which they provided 
guidance. In order to produce useful decision-support tools,  
 
Law-and-AI researchers who work on public administration should be aware that the Access Board 
estimated day-forward web-accessibility compliance resources for the federal government at 5% of web 
development, software development, and audio-visual production costs, plus an additional 1.25% for 
evaluation. Should comprehensive conformance become a requirement, the costs will increase 
accordingly. The Office for Civil Rights of the U.S. Department of Education has, of late, included web 
accessibility in its enforcement of Section 504 of the Rehabilitation Act, which requires comprehensive 
equal access to educational services for recipients of federal funding; this means that, as a rule, universities 
are scrambling to bring their websites into conformance with WCAG 2.0 level AA. [12] Finally, the 
number of ADA lawsuits treating websites as public accommodations has increased dramatically during 
the past few years. [13] Reducing data impoverishment in the publication process should limit the need 
for such work to addressing the challenge of converting non-born-digital images. The combination of 
labor required and urgency of need makes AI-enhanced automation a timely and valuable avenue for 
research. An increased focus on document accessibility can create a virtuous circle in which artificial 
intelligence applications will both help create, and benefit from, the availability of more machine-readable 
data.  
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ABSTRACT
The ubiquitous availability of online services and mobile apps re-
sults in a rapid proliferation of contractual agreements in the form
of privacy policies. Despite the importance of such consent forms,
the majority of users tend to ignore them due to their content length
and complexity. Thus, users might be consenting policies that are
not aligned to regulations in laws such as the GDPR from the EU
law. In this study, we propose a hybrid approach which measures a
privacy policy’s risk factor applying both supervised deep learning
and rule-based information extraction. Bene�ting from an anno-
tated dataset of 115 privacy policies, a deep learning component is
�rst able to predict high-level categories for each paragraph. Then,
a rule-based module extracts pre-de�ned attributes and their values,
based on high-level classes. Finally, a privacy policy’s risk factor is
computed based on these attribute values.

CCS CONCEPTS
• Computing methodologies → Natural language process-
ing; Neural networks; • Security and privacy → Privacy protec-
tions.

KEYWORDS
Privacy policy, Deep learning, Rule-based information extraction,
Risk factor

1 INTRODUCTION
In the current digital era, almost everyone is exposed to accepting
contractual agreements in the form of privacy policies. However,
the majority of people skip privacy policies due to their length
and complex terminology. According to a recent survey, from 543
university students, only 26% did not choose the ‘quick join’ routine,
while joining a factious social network and unsurprisingly, their
average reading time was only 73 seconds [2]. Moreover, for the
administrative state is it important to validate the compliance the
privacy policies with a correspondent law. For example, the EU
regulation General Data Protection Regulation (GDPR) states that
the retention period must be speci�ed and limited.

To assist end-users with consciously agreeing to the conditions,
we can apply Natural Language Processing (NLP) and Information
Extraction (IE) to present a privacy policy in a structured view.
Our approach applies supervised deep learning using an annotated
dataset (named OPP-115), to assign high-level classes to a privacy
policy’s paragraphs. Then, according to predicted classes, we de�ne
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hand-coded rules based on experts annotations, to extract attributes
values from each paragraph. Finally, having detailed information for
each paragraph, a risk measurement function computes a risk factor
based on extracted information. Consequently, a user could choose
to stop using a website, if the predicted risk score is high. Addition-
ally, this structured view can be also used by the administrative
state to perform a shallow compliance checking.

OPP-115 is a widely-used dataset in the context of privacy pol-
icy analysis [5]. It contains in-depth annotations for 115 privacy
policies at paragraph level and each paragraph was annotated by
3 experts. There are two types of annotations: high-level classes
which de�ne 10 data practice categories; and low-level attributes
which include mandatory and optional attributes. For instance, the
high-level class First Party Collection/Use has 3 attributes: Collec-
tion Mode (explicit or implicit), Information Type (�nancial, health,
contact, location, etc.) and Purpose (advertising, marketing, analytics,
legal requirement, etc.).

The approach proposed in this paper, is built upon on our pre-
vious e�ort, which exploits OPP-115 and deep learning to solve a
multi-label classi�cation problem. We feed privacy policy’s para-
graphs along with the predicted classes into a rule-based IE compo-
nent and retrieve attribute values. The rules are de�ned based on
OPP-115 low-level annotations. Finally, all predicted categories and
extracted information are passed into a risk measurement module
and a risk factor will be computed based on hand-coded rules.

The paper is divided into the following sections: in Section 2,
we provide an overview of existing e�ort on measuring risks in
privacy policies; Section 3 presents our proposed approach and our
evaluation scheme; and �nally Section 4 will conclude this paper.

2 RELATEDWORK
In light of the, now enforced EU-wide, General Data Protection Reg-
ulation (GDPR) [4], there has been an increasing interest towards
privacy policy analysis as this new set of regulations increases the
constrains for companies holding customers data. Here, we provide
a brief overview of studies that speci�cally addressed risk levels in
privacy policies.

Polisis is an online service for automatic analysis of privacy
policies [1]. Along with classi�cation and structured presentations
of privacy policies, it assigns privacy icons which are based on
the Disconnect1 icons. These icons include Expected Use, Expected
Collection, Precise Location, Data Retention and Children Privacy. For
instance, Data Retention color assignments are: Green for retention
periods of less than a year; Yellow, when the retention period is
longer than one year; and Red, when there is no data retention

1https://disconnect.me/
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Figure 1: General Architecture.

policy provided. Polisis bene�ts from OPP-115 and employs su-
pervised machine learning to extract high-level categories (in the
above example, Data Retention) and attribute values of each cate-
gory (e.g., Retention Period in this case). Finally, based on retrieved
attribute values and heuristic rules, privacy icons along with their
colors are produced. Currently, Polisis’s interface generates only
a limited set of privacy icons. In future, we intend to further analyze
privacy icons and extend them with the help of legal experts.

PrivacyCheck is an approach for automatic summarization of
privacy policies using data mining [6]. It answers 10 pre-de�ned
questions concerning privacy and security of users’ data and is
also available as a Chrome browser extension. In order to train
the model, a corpus containing 400 privacy policies was compiled
and 7 privacy experts manually assigned risk levels (Green, Yel-
low, Red) to the 10 factors. First, a pre-processing step �nds those
paragraphs that have at least one keyword related to one of 10
factors. The methodology of selecting keywords was largely man-
ual. Then, the selected paragraphs will be sent to a data mining
server where 11 data mining models were trained, one for check-
ing if the corresponding page is a privacy policy and one each for
the 10 questions. The authors claim that on average, 60% of the
times, PrivacyCheck �nds the correct risk level. The limitation of
PrivacyCheck is its lack of Inter Annotator Agreement (IAA) for
the annotators. According to the paper, the quality control was per-
formed by assigning each policy to two team members. However,
only 15% of privacy policies were compared and their discrepancies
were resolved which makes the training dataset less reliable.

PrivacyGuide is another summarization tool inspired by GDPR
that classi�es a privacy policy into 11 categories using NLP and
machine learning and further measures the associated risk level
of each class [3]. Similar to previous studies, PrivacyGuide uses
the three-level scale risk based on classi�cation (i.e. Green, Yellow,
Red). The 11 criteria and their associated risk levels were de�ned
by GDPR experts. Based on these criteria, a privacy corpus was
compiled with the help of 35 university students. Each participant
assigned a privacy category to text snippets and classi�ed them
with a risk level. The author reported that the weighted average
accuracy is 74% for classifying a privacy policy into one of the 11
classes and the accuracy of risk level detection is 90%. Although
the results were encouraging, the dataset was not annotated by

experts which is a fundamental criterion in legal text processing
and analysis.

3 PROPOSED APPROACH
In this section, we provide details of our approach for measuring a
privacy policy’s risk factor. Our proposed method leverages OPP-
115 annotated dataset for training and evaluation [5]. As discussed
earlier, OPP-115 high-level annotations are divided into 10 classes:
(1) First Party Collection/Use: how and why the information is col-

lected.
(2) Third Party Sharing/Collection: how the information may be

used or collected by third parties.
(3) User Choice/Control: choices and controls available to to users.
(4) User Access/Edit/Deletion: if users can modify their information

and how.
(5) Data Retention: how long the information is stored.
(6) Data Security: how is users’ data secured.
(7) Policy Change: if the service provider will change their policy

and how the users are informed.
(8) Do Not Track: if and how Do Not Track signals2 is honored.
(9) International/Speci�c Audiences: practices that target a speci�c

group of users (e.g., children, Europeans, etc.)
(10) Other : additional practices not covered by the other categories.
In addition, each high-level category includes low-level attribute
annotations. For instance, Data Retention category is further an-
notated with its attributes, which are: Retention Period, Retention
Purpose and Information Type. The annotators provided either one
or several values for each attribute along with the span of text based
on which they have chosen that speci�c value(s). In the above exam-
ple, Retention Period may have one of the following values: stated
period, limited, inde�nitely or unspeci�ed.

Figure 1 shows the architecture of our proposed approach which
consists of three main components: 1) a deep learning module is
trained to predict high-level classes of a policy’s paragraphs; 2) a
rule-based pipeline in which the rules are de�ned based on low-
level attribute annotations of OPP-115; and 3) a risk measurement
function that assigns risk icons along with their corresponding
colors (green, yellow, red), according to extracted information.

2https://en.wikipedia.org/wiki/Do_Not_Track

 21

https://en.wikipedia.org/wiki/Do_Not_Track


Towards Measuring Risk Factors in Privacy Policies AIAS’19, June 17, Montréal, CA

Table 1: Sample rules for extracting values of Retention Period from Data Retention Category.

Rule Value Sample

[delete/remove][Token]*[after][number][day/month/year] Stated Period 1. We remove the entirety of the IP address after 6 months.
2. All stored IP addresses, except the account creation IP address, are deleted after 90 days.

[not][Token]*[delete/remove] Inde�nitely The posts and content you made will not be automatically deleted as part of the account removal process.

[store/keep/retain/maintain][Token]*[indefinitely] Inde�nitely 1.This data is generally retained inde�nitely.
2. The information we collect for statistical analysis and technical improvements is maintained inde�-
nitely.

[store/keep/retain/maintain][Token]*[as long as][Token]+ Limited 1.Wewill retain your information for as long as your account is active or as needed to provide you services.
2. We will retain your personal information while you have an account and thereafter for as long as we
need it for purposes not prohibited by applicable laws

If not one of the above conditions Unspeci�ed 1. We receive and store certain types of information whenever you interact with us.
2. The personal information collected about you through our online applications and in our communica-
tions with you is stored in our internal database.

Following conventional ML practices, in the deep learning com-
ponent, dataset splits are randomly partitioned into a ratio of 3:1:1
for training, validation and testing respectively; while maintaining
a strati�ed set of labels. We further decomposed the Other category
into its attributes: Introductory/Generic, Privacy Contact Information
and Practice Not Covered. Therefore, considering that a paragraph
in the dataset may be labeled with more than one category, we
face a multi-label classi�cation problem with 12 classes. The imple-
mentation of the ML component is completed and we achieve 79%
micro-average for F1.

The high-level predicted classes are passed to the rule-based
component where low-level attribute values will be extracted. The
de�nition of rules are based on experts annotations in OPP-115
dataset. We intend to use 60% of low-level annotations for de�ning
the rules, 20% for validating the de�ned rules and the remaining
20% for the �nal test. Table 1 shows some sample rules for �nding
values of Retention Period attribute in Data Retention category. We
found our rules de�nitions based on experts annotations. As shown
in the table, the rules de�nition use the knowledge about high-level
categories predicted by the deep learning component.

Algorithm 1 Sketch of risk measurement algorithm
Require: predicted high-level category, extracted attribute values
1: for all paragraphs in the privacy policy do
2: cate�or�  predicted high-level category
3: if cate�or� 2 Data Retention then
4: RetentionPer iod  extracted retention period
5: if RetentionPer iod 2 (Stated Period, Limited) then
6: DataRetentionIcon  Green
7: else if RetentionPer iod 2 Inde�nitely then
8: DataRetentionIcon  Yellow
9: else
10: DataRetentionIcon  Red
11: end if
12: end if
13: if cate�or� 2 First Party Collection/Use then ...
14: end if
15: end for
Ensure: risk icons and their corresponding colors

Having information about attribute values, the risk measurement
module is able to assign appropriate risk icons along with their
corresponding colors. As a proof-of-concept, we will found our
risk measurement rules on Disconnect icons. Aforementioned in
literature review, the Disconnect Data Retention color assignment
are as follows: Green for retention period <= 12 months; Yellow,
for retention period > 12 months; and Red, when there is no data
retention policy provided. Algorithm 1 shows our interpretation of
Data Retention icon. It is worth to mention that our interpretation

is based on the available annotations from OPP-115 dataset. Hence,
it is not the only representation that can be built from Disconnect
icons and others may adopt their own understanding.

For the evaluation of our approach, we intend to generate risk
factors according to OPP-115 experts annotations and use it as a
goldstandard. We believe the �nal error will be close to sum of error
rate in the deep learning module (predicting high-level classes) and
the error which is caused due to incomplete set of rules in rule
executor component. Considering the fact that we are now able to
predict the correct high-level classes with 79% F1, with the careful
de�nition of rules for extracting attribute values, it is predicted to
gain a reasonable accuracy at the end of our pipeline.

4 CONCLUSION
In this study, we proposed the application of Deep Learning models
and Rule-Based Information Extraction to automatically present a
structured view of risk factors in privacy policies. In particular, we
presented a hybrid approach that takes advantage of the dataset
OPP-115. This approach is of paramount importance to support
users to consciously agree with terms and conditions of online
services, and to perform shallow compliance checking where a high-
risk score can be assigned to “inde�nitely” and “unspeci�ed” values.
As next steps, we plan to implement the proposed architecture
and run empirical evaluations to validate the presented hypothesis,
i.e, users will be more motivated to read privacy policies when a
color-coded structured view is presented to them.

REFERENCES
[1] H. Harkous, K. Fawaz, R. Lebret, F. Schaub, K. G. Shin, and K. Aberer. Polisis:

Automated analysis and presentation of privacy policies using deep learning.
CoRR, abs/1802.02561, 2018.

[2] J. A. Obar and A. Oeldorf-Hirsch. The biggest lie on the internet: Ignoring the
privacy policies and terms of service policies of social networking services. Infor-
mation, Communication & Society, pages 1–20, 2018.

[3] W. B. Tesfay, P. Hofmann, T. Nakamura, S. Kiyomoto, and J. Serna. Privacyguide:
Towards an implementation of the eu gdpr on internet privacy policy evaluation.
In Proceedings of the Fourth ACM International Workshop on Security and Privacy
Analytics, IWSPA ’18, pages 15–21, New York, NY, USA, 2018. ACM.

[4] P. Voigt and A. Von dem Bussche. The eu general data protection regulation (gdpr).
A Practical Guide, 1st Ed., Cham: Springer International Publishing, 2017.

[5] S. Wilson, F. Schaub, A. A. Dara, F. Liu, S. Cherivirala, P. G. Leon, M. S. Andersen,
S. Zimmeck, K. M. Sathyendra, N. C. Russell, et al. The creation and analysis of a
website privacy policy corpus. In Proceedings of the 54th Annual Meeting of the
Association for Computational Linguistics (Volume 1: Long Papers), volume 1, pages
1330–1340, 2016.

[6] R. N. Zaeem, R. L. German, and K. S. Barber. Privacycheck: Automatic sum-
marization of privacy policies using data mining. ACM Trans. Internet Technol.,
18(4):53:1–53:18, Aug. 2018.

 22



Automated Directive Extraction from Policy Texts
Karl Branting
Jim Finegan
David Shin

Stacy Petersen
The MITRE Corporation

McLean, VA, USA
lbranting,j�negan,hshin,spetersen@mitre.org

Carlos Balhana
Language Technology Lab
University of Cambridge

Cambridge, UK
ceb81@cam.ac.uk

Alex Lyte
The MITRE Corporation

Bedford, MA, USA
alyte@mitre.org

Craig Pfeifer
The MITRE Corporation
Ann Arbor, MI, USA
cpfeifer@mitre.org

ABSTRACT
Federal agencies must comply with directives expressed in docu-
ments issued by authoritative sources elsewhere in the government.
To automate identi�cation of these directives, the ADEPT (Auto-
mated Directive Extraction from Policy Texts) system exploits the
insight that directive sentences are usually characterized by deontic
modality (e.g. “must”, “shall”, etc.) permitting the open-ended task
of summarizing obligations to be reduced to a well-de�ned and cir-
cumscribed linguistic analysis task. ADEPT comprises a linearizer,
which converts deeply nested sentences into a form that can be
handled by standard parsers, a deontic sentence classi�er trained on
an annotated corpus of sentences drawn from representative policy
documents, a semantic role analyzer, and other analytic tools for
extracting and analyzing the deontic content of policy documents.

1 INTRODUCTION
Modern administrative states are regulated by statutes, regulations,
and other authoritative legal sources that are expressed in complex,
interconnected texts. Compliance with these rules is challenging
for agencies, citizens, rule-drafters, and attorneys alike. For agen-
cies, compliance requires understanding changes in federal laws,
executive orders, and authoritative directives, policies, regulations,
and standards. Simply identifying and summarizing these changes,
which often originate from a multitude of sources, can be a burden-
some drain on sta� resources. The diversity of authoritative sources
imposing requirements of a given nature is illustrated by the pro-
liferation of cybersecurity requirements on U.S. federal agencies.
Directives can be expressed in Executive Orders, O�ce of Manage-
ment and Budget (OMB) circulars and memoranda, Department of
Homeland Security (DHS) Binding Operational Directives (BODs),
National Institute of Standards and Technology (NIST) Federal In-
formation Processing Standards (FIPS), and Special Publications
(SPs). Each agency must devote sta� to monitor and review mul-
tiple streams of publications to identify changes a�ecting their
cybersecurity pro�le (i.e., policies, practices, procedures, standards,
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and/or guidance). A similar monitoring task is required for all other
areas within an agency where compliance is compulsory, such as
privacy, health policy, and processing of sensitive information. An
algorithmic process that automated the identi�cation of sentences
expressing obligations incumbent upon a given agency could signif-
icantly reduce the burden on sta� having to review a large stream
of documents. Such automated processes could provide agencies
with early warnings of pending obligations, enabling them to better
plan for implementation once the obligation is �nalized.

A key observation of human performance on the document-
monitoring task is that the summaries produced by sta� typically
focus on sentences that express obligations, i.e., that are character-
ized by deontic modality. This suggests that the tasks of monitoring
and extracting directive sentences depend critically on the identi�-
cation of such deontic sentences. We hypothesize that exploiting
this insight will permit an important portion of the open-ended
task of summarizing obligations to be reduced to a well-de�ned
and circumscribed linguistic analysis task.

The remainder of this paper describes the design of a system for
automated extraction of directives, ADEPT, and the evaluation of
the critical deontic-sentence classi�cation component. Section 2
presents examples of directives and explores the characteristics that
distinguish directives from non-directives and di�erent types of di-
rectives from one another. Section 3 discusses prior related work on
modality classi�cation, and the handling of nested directives, that
is, sentences where dependent clauses or sentential complements
share a common root clause is discussed in Section 4. Section 5
sets forth ADEPT’s approach to identifying and classifying direc-
tive sentences, and Section 6 describes the use of semantic role
labeling and frame instantiation to extract structured knowledge
from sentences identi�ed as directives. The implemented ADEPT
architecture is described in Section 7, and Section 8 summarizes
and outlines future e�orts.

2 DIRECTIVE SENTENCES IN POLICY
DOCUMENTS

ADEPT is based on an analysis of the work products of subject
matter experts engaged in monitoring federal policy documents
originating from the authoritative sources such as those listed in
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Section 1. Analysis of these sentences revealed that directives typi-
cally consist of expressions of obligations on the part of an agency
or other government entity to perform or refrain from some speci-
�ed actions, such as:

(1) Agencies must establish performance goals.

(2) Agencies are required to provide narrative responses regard-
ing their risk management decision process.

(3) Each agency business owner is directed to ensure that 3DES
and RC4 ciphers are disabled on mail servers.

(4) Chief Information O�cers are to submit a report within 180
days.

These directive sentences can be viewed as illocutionary [3] or
performative texts [22] that make a given action compulsory for a
given government entity (i.e., the agency or a holder of a role within
the agency). Frequently, as in sentence 1 above, directive sentences
use modal verbs, such as “must”, “shall”, “may”, and “should”, as
auxiliaries [21]. However, sentences 2–4 illustrate that obligations
can be expressed without the use of modal verbs.

In addition to these absolute, i.e., unquali�ed, sentences, there
are two other types of sentences that are important for some, but
not all, applications.

First, some directives are quali�ed in the sense of expressing ei-
ther permission or weak necessity, as in the following two sentences:

(5) Senior executives may consider delaying awarding new
�nancial assistance obligations (permission).

(6) Agencies should establish and report other meaningful per-
formance indicators and goals (weak necessity).

Second, some sentences merely report an obligation created by a
di�erent document, rather than creating an obligation themselves,
such as:

(7) Section 1 of the Executive Order requires agency heads to
ensure appropriate risk management.

We term such sentences indirect obligation sentences.
We exclude sentences from our set of directive sentences those

that specify the details of an obligation created in a di�erent sen-
tence, e.g., by elaborating on the requirements of a work product
obligation:

(8) Reports must enumerate performance goals.

We treat these sentences as non-directives because they provide
details of obligatory actions but do not in themselves create an
obligation for an agency or other government entity. We defer
handling of these sentences to future applications.

In summary, we found that directive summaries extracted from
policy documents by human experts typically have deontic force,
which may be absolute, quali�ed, or indirect, depending on the
construction of the sentence. We hypothesize that summaries con-
sisting of these deontic sentences often closely match existing work
products by agency personnel who currently monitor such doc-
uments and that summaries of this type may bene�t agencies by
enabling agency personnel to quickly identify the impact of new
obligations, improving an agency’s ability to comply in a complete
and timely fashion.

3 RELATEDWORK
Providing assistance to agencies in complying with complex reg-
ulatory and policy constraints is increasingly recognized as an
important AI application. Typical examples include development of
knowledge acquisition techniques to increase the agility in public
administration [4] and information retrieval techniques optimized
for regulatory texts [7]. This research has addressed both cross-
document relationships among regulatory and statutory texts, such
as network structure [15], and within-document analysis, such as
discourse analysis of regulatory paragraphs [5] and parsing statu-
tory and regulatory rule texts into a computer-interpretable form
[24]. The work most closely related to the pragmatic objective
of the current work is [18], which addressed sentential modality
classi�cation of sentences in �nancial regulation texts.

A number of previous research projects have addressed the gen-
eral task of modal sense disambiguation (MSD) in legal and gov-
ernment texts. Marasović and Frank [16] developed a classi�er for
epistemic, deontic, and dynamic modal categories in English and
German using a one-layer convolutional neural network (CNN)
with feature maps and semantic feature detectors, reporting better
results than with MaxEnt or a one-layer neural network. O’Neill
et al. [18] combined a neural network with both legal-speci�c and
more general distributional semantic model representations to dis-
tinguish among the deontic modalities obligation, prohibition, and
permission. Wyners and Peters [20] used a rule-based approach to
extract conditional and deontic rules from the U.S. Federal Code
of Regulations. They found that this approach worked well for a
speci�c set of regulatory texts, but its generality is unclear. Maat et
al. [8] compared machine learning approaches to knowledge-based
approaches for legal text classi�cation in Dutch legislation, �nding
that while machine learning classi�ers performed as well as the
pattern-based model, the pattern-based approach generalized better
than the machine learning model to new texts.

The modality classi�cation task addressed by ADEPT di�ers
from this prior work in that it focuses on the deontic distinctions
relevant speci�cally for the task of extracting and summarizing the
directives from administrative and policy documents, e.g., distin-
guishing deontic from non-deontic sentences, or identifying some
subset of the categories of deontic sentences required for a par-
ticular application, such as just absolute and quali�ed obligations.
As discussed below, ADEPT additionally addresses tasks both up-
stream from deontic sentence detection, such as linearization of
nested directive sentences, and downstream, such as instantiation
of obligation frames and conversion of instantiated frames into a
structured form useful to agency personnel.

4 HANDLING NESTED DIRECTIVES
Authoritative administrative texts, including directives, regulations,
and statutes, are often expressed in the form of nested enumera-
tions, such as the directive set forth in Figure 1. Nested structures
are characterized by multiple dependent clauses or sentential com-
plements to common superordinate clauses. Such structures are
intended to express complex rules and directives in a compact and
comprehensible style by reducing textual redundancy. Human read-
ers can easily understand the logical structure of such sentences
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Figure 1: A typical nested directive sentence. By itself, punc-
tuation is insu�cient to disambiguate whether the phrase
in the box is a child of “Enhance email security . . . ” or
“Within 30 calendar days . . . ”. Either indentations or enu-
meration/itemizationmarks are required to resolve this am-
biguity.

because the relationships among clauses are signaled by hierar-
chical relations between varying levels of enumeration symbols,
punctuation marks, and varying indentation depths.

Unfortunately, parsers trained on standard treebanks, which are
generally based on articles from news sources such as the Wall
Street Journal, are unable to adequately process sentences with
nested enumerations [17]. Thus, until domain-speci�c treebanks
have been developed for legal texts which include nested sentences,
it will remain necessary to convert such sentences into a format
that is more amenable to conventional parsers.

One approach to simplifying the syntactic structure of nested
enumerations is to convert them into a series of unnested sentences
“by starting from the root of the tree and by concatenating, for each
possible path, the phrases found until the leaves are reached” [10].
Each depth-�rst traversal of this tree is a simple (non-compound)
sentence. We refer to this process as linearization. For example, the
�rst sentence in a linearization of the nested sentence shown in
Figure 1 is:

(9) All agencies are required to within 30 calendar days after
issuance of this directive, develop and provide to DHS an
agency Plan of Action for BOD 18-01 to enhance email se-
curity by within 90 days after issuance of this directive
con�guring all internet-facing mail servers to o�er STRT-
TLS.

Linearization of regulatory and statutory text can be complicated
by ambiguity in the scope of logical connectives that can arise from
inconsistencies in expressing conjunction and disjunction in legal
texts [1]. Nested directives, on the other hand, appear to generally
be implicitly conjunctive, so linearization into a set of separate
individual directives, each corresponding to a path in the depth-�rst
traversal of the tree representing the logical form of the sentence,
is generally consistent with the intended semantics of the original
nested form.

As a practical matter, the greatest challenge in documents pub-
lished in PDF (the primary format used by the agencies that we
support) is determining the nesting level of each constituent clause
with respect to surrounding clauses. Text extracted using standard

tools, such as Apache Tika [2] and Tesseract [23], does not reli-
ably retain the indentation depths of the original PDF. Punctuation
marks often signal the nesting level, e.g., a clause that ends with a
colon is to be followed by one or more subordinate (more deeply
nested) clauses, and a period usually indicates a leaf node. However,
there is an inherent ambiguity in sentences that follow a leaf node,
such as the sentence in the box in Figure 1: “Within 120 days after
issuance of this directive, ensuring:”. Without either an unambigu-
ous indication of indentation depth relative to surrounding clauses
or an enumeration mark signaling a clear relationship to other
lines of enumerated text, it is impossible to determine whether this
sentence is (1) at the level of the sentence that starts “Within 90
days”, (2) at the level of the sentence that starts “Enhance email
security by:”, or (3) the start of a new nested expression.

The lack of accurate indentation depths in text extracted from
PDF documents and the ambiguity of the typical punctuation con-
ventions suggest that the enumeration and bullet symbols and
punctuation must be the source of nesting information. After all,
these are generally unambiguous for human readers. Unfortunately,
there is no canonical hierarchical practice of enumerations and
bullets; document conventions vary not just among agencies but
often within the same issuing agency as well from one document
to the next. Enumeration and bulleting formats are sometimes ap-
plied inconsistently even within the same document. Our strategy
is therefore to make an initial traversing pass through each doc-
ument, recording the order of occurrence of each of a standard
set of possible enumeration styles and conventions to establish
a given document’s hierarchical structure in each section. Each
nested expression is then replaced with its linearized equivalent as
determined from the hierarchy determined in the initial pass. The
Appendix sets forth this procedure in more detail.

Our approach di�ers from Dragoni et al. [10], which mapped
enumerated propositions onto a legal ontology to de�ne the domain
of directives and their constituent subparts, in using a concept-
agnostic approach that may be better suited for domains in which
directives are frequently revised, rescinded, or recontextualized in
ways that may not be amenable to previous ontologies.

The extraction tools described below are intended to remove
reference footnotes, HTML links, page numbers, and other extrane-
ous information from within the span of single extracted sentences,
but remaining bits of extraneous text create challenges for NLP
processes downstream in our pipeline, such as POS and depen-
dency parsing, event extraction, and modality detection. The last
step of the linearization component therefore attempts to push
these remaining items to the bottom of the linearized document as
standardized endnotes.

5 DIRECTIVE SENTENCE CLASSIFICATION
Our working hypothesis is that policy-document summaries con-
sisting of some or all categories of directive sentences described
above can be a proxy for, assist in the creation of, or supplement
manually-created compliance summaries. Thus, we focus on classi-
fying sentences with respect to these directive sentence categories.
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Table 1: The proportion of sentences of each of the 3 direc-
tive types and of non-directive sentences having a modal
auxiliary.

Type Ratio Percent
Absolute 872/1626 54%
Quali�ed 552/875 63%
Indirect 60/158 38%

Non-directive 356/634 56%
Total 1840/3293 56%

5.1 Directive-Sentence Corpus
Unfortunately, none of the models or corpora developed in the
prior work on sentence modality classi�cation described above are
directly applicable to our task. We therefore found it necessary to
develop a new annotated directive sentence corpus based on U.S.
executive-branch policy directives. Our initial focus was on OMB
Memoranda and DHS Binding Operational Directives, for which
we had examples of agency work products. We downloaded 5 years
of OMB directives from the White House website.1

Each of the documents in the corpus was originally published
in PDF format, usually with the �rst page scanned and signed.
Each document was converted to plain text using the Apache Tika
software package [2]. In parallel, each document was processed
with Grobid [13] to identify elements such as headers and footers
that can interrupt text that spans from one page to the next. The
elements identi�ed using Grobid were disinterleaved from the main
text and concatenated at the end of each document.2

As described in Section 2, policy documents often contain com-
plex sentences, including bullet-pointed lists and enumerations,
which establish multiple distinct obligations. Accordingly, each
nested sentence in the corpus was converted into a set of simple
sentences using the linearization process described in Section 4.
Each of the resulting sentences was then annotated according to
the categories set forth in Section 2 by several annotators, including
a subject-matter expert and a team of linguists.

The resulting set of 3,293 labeled sentences served as ground
truth in the construction of the machine learning-based models
described below. Roughly 95% of these sentences contain 10 tokens
or more. Table 1 shows the proportion of sentences of each of the 3
directive types that have a modal auxiliary.3 These ratios illustrate
that the presence of modal auxiliaries is neither necessary nor
su�cient for directives in this domain.

5.2 Evaluation of Deontic Sentence
Classi�cation

We applied theWeka [14] implementation of bagged random forests
to the task of distinguishing among the four deontic categories of
relevance to our task. Each sentence is converted to a feature vector
consisting of n-grams and features derived from a dependency
parse. As shown in Table 2, in an 80/20 train-test split of our corpus
we achieved an F-score of 0.918 in distinguishing all directives from
1https://www.whitehouse.gov/omb/information-for-agencies/memoranda/
2Footnote texts must be retained because they sometimes contain directives.
3We plan to make this annotated corpus available to researchers in 2019 at http://mat-
annotation.sourceforge.net/.

P R F1 ROC Area Class
0.762 0.954 0.847 0.949 Absolute
0.869 0.570 0.689 0.927 Quali�ed
1.000 0.346 0.514 0.862 Indirect
0.889 0.949 0.918 0.980 Non-Directive
0.843 0.829 0.816 0.950 Weighted Avg.

Table 2: Four-category deontic sentence prediction accuracy.

Table 3: An instantiated directive template.

Actor agencies
Activity update
Object list of non-governmental URLs
Time within 60 days
Modal must

non-directives and a mean F-score of 0.816 across all four categories.
A boosted decision tree model [11] using XGBoost [6] produced
similar results.

This experiment indicates that the deontic categories of relevance
to our task can be distinguished by a model trained on a corpus
of modest size. We anticipate increasing accuracy as we expand
our annotated data set and as we re�ne the text extraction and
linearization processes that provide input into the classi�er.

6 SEMANTIC ROLE LABELING AND
TEMPLATE INSTANTIATION

For many agency applications, the most useful representation of
directives is often in the form of structured tables or spreadsheets
summarizing multiple sentences. Analysis of representative work
products indicated that the information of interest from each sen-
tence includes the following:

• Actor - the agency or o�ce to which the obligation applies
• Activity - the activity that is required of the Actor
• Object - the work product to be produced by the Activity, if
any

• Time - any time-related quali�cation of the directed activity
• Manner - any non-time-related quali�cation of the directed
activity

• Modal - the particular modal or other verb used to convey
the deontic character of the expression, i.e., “must” vs. “may.”

For each absolute or quali�ed directives, we instantiate a frame con-
taining argument slots for each of the types of information above.
For example, the instantiated frame shown in Table 3 summarizes
the key information from the following directive sentence:

(10) Within 60 days of this Memorandum’s publication agencies
must update their list of non-governmental URLs.

The slots in the directive frame are a domain-speci�c adaptation
of standard semantic roles. We use the Semantic Role Labeling
model of AllenNLP [12] to assign Propbank semantic role labels
[19] to directive sentences. We then use a set of simple heuristic
rules for mapping these SRLs to the slots of our frames, e.g., a
Propbank “ARG0” is generally the Actor, “ARG1” is generally the
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Figure 2: The directive sentence processing pipeline.

Object, and “Temporal” corresponds to the Time slot. Directives
expressed without a modal verb ("All agencies are required to ...")
will have no entry in the "Modal" �eld.

7 SYSTEM ARCHITECTURE
As illustrated in Figure 2, ADEPT’s directive extraction and anal-
ysis tasks require a series of processing steps. We have adopted a
modular architecture that can accommodate a variety of alternative
components.

The �rst stage of the pipeline consists of concurrent calls to the
APIs of the Tika and Grobid services o�ered by their respective
Docker [9] containers. Tika outputs the PDF extraction as plain
text whereas Grobid outputs the footnotes embedded in XML. The
merge stage integrates this content and outputs a text �le consist-
ing of disinterleaved page content followed by all footnotes. The
linearizer takes this text as input and outputs a text �le containing
one linearized sentence per line. The linguistic feature extrac-
tor converts each sentence into a feature vector of n-grams and
features derived from a dependency parse.

An API call to the Docker container of the AllenNLP service
is then made with a JSON �le containing all sentences identi�ed
as being of the target deontic type or types (e.g., absolute). The
AllenNLP output is passed to the template instantiation stage. The
�nal output consists of CSV and HTML �les that can be loaded into
a spreadsheet or viewed through a web browser.

8 DISCUSSION AND FUTUREWORK
ADEPT illustrates how a document analysis task that imposes a
signi�cant burden to awide range of agencies—directive extraction—
can be addressed by deontic sentence classi�cation in combination
with nested sentence disambiguation and semantic role labeling.
We anticipate that an ADEPT directive-extraction pilot will take
place in mid-2019 with a representative U.S. federal agency.

Future work will relax ADEPT’s current simplifying assumption
that the directive content of policy documents can be determined
by analyzing individual sentences divorced from their surrounding
context. For within-document contextual information, we plan
to introduce entity resolution and link connecting sentences that
elaborate on an obligation with the obligation sentence to which
they apply. To improve cross-document contextual information,
we plan to develop techniques to detect and classify references to
other documents, particularly statements that the current document
rescinds directives from other policy documents.

Automated analysis of policy documents presents a rich set of
text-analytic tasks but promises very signi�cant rewards to both
agencies and citizens. ADEPT represents an initial realization of this
approach to improving the administrative state through modern
computational linguistics techniques.
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9 APPENDIX: LINEARIZATION OF NESTED
DIRECTIVES

FOR each document ingested by the linearizer:

Preprocess: Remove footnotes to prevent splitting of
enumerated list elements or main body sentences dur-
ing downstream processing later in the classi�cation
pipeline

EXTRACT strings matching footnote format
STORE matching strings in References array
DELETE matching strings in their original positions
DELETE all multiple (n-1) vertical and horizontal spacing

Detect Document Section Boundaries: Identify positions
of each document section to prevent enumerated ele-
ments from spanning multiple distinct lists.

MATCH list of known section headers
STORE matches in partition along with starting o�set position for
each section in index
READ any enumerated lists in between section boundaries

Parse and Concatenate Enumerations: Map document
hierarchical enumeration conventions against di�erent
symbol sets. Concatenate all directly subordinated sen-
tence fragments with their subordinating fragments to
form full (�at) sentences from the enumerated elements
for downstream processing later in the classi�cation
pipeline.

MATCH lines in each enumerated list within each section against
enumeration symbol style list delimited by punctuation cues
(Uppercase Roman Numerals, Lowercase Roman Numerals, Upper-
case Letters, Lowercase Letters, Number Digits, Solid Bullet Points,
Hollow Bullet Points)
STORE the sequential order (i.e., layers) of enumeration styles en-
countered to set document convention, where each layer begins
with its own closet set of enumeration symbols
FOR lower-order layers
CONCATENATE lines recursively with all parent layers
TERMINATE upon reaching new paragraph with no enumeration
symbol at the start of the line
ITERATE over all sections
WRITE to [FILENAME]_paths.txt �le

Standardize Global Enumeration: Rewrite enumeration
conventions to standard format (e.g. I.iii.B.a.! 1.3.2.1.)

FOR all enumerated lists,
REWRITE each line’s enumeration symbol with its corresponding

digit based on the layer order and within-layer order
WRITE to [FILENAME]_trees.txt �le

Post-Process Footnotes: Add previously extracted foot-
notes to the bottom of document

APPEND footnote elements to bottom of the [FILENAME]_paths.txt
�le under the new section header “Footnotes”
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ABSTRACT 
This is a report of the explicit interpretation of the Dutch Aliens 
Act using the Calculemus method and the FLINT language. The 
method has been used before to make normative interpretations 
of regulations that form the basis for specific services to be 
delivered by governmental agencies and of legal cases. In this 
paper, the authors make an interpretation of an entire act, the 
Alien Act. We give an overview of methodical choices that enable 
the analyses of extensive sources of norms, and report on the 
results of the analysis. 

CCS CONCEPTS 
• Computing methodologies → Artificial intelligence → 
Knowledge representation and reasoning → Reasoning about 
belief and knowledge • Information systems → Information 
systems applications → Decision support systems → Expert 
systems • Applied computing → Law, social and behavioral 
sciences → Law 

KEYWORDS 
Knowledge acquisition, Legal engineering, Normative relations, 
Norm interpretation 

1 Introduction 
The Dutch Immigration Service (IND) was amongst the early 

adaptors of Artificial Intelligence. Using rule-based systems as of 
the early 1990s, they found that their, once advanced solution for 
deciding on alien cases, technically outdated in the early 2000s. 
The processes supported were grown too complicated and 
consequently too elaborative to maintain. This led to the 
awareness that the basis for the IND’s processes and AI-
supported decision-making and case-handling processed needed 
to be based on entirely new principles, i.e. Rule Governance. 
According to the Rule Governance principles systems like the 
one supporting the IND in its complex tasks, should be based on 
an aspect-oriented architecture (AOA) with a clear separation 
between the legal rules and the business requirements for 
supporting case-handling. In 2012 IND finished the 

implementation of the new rule-based information system 
INDiGO. The challenges the IND faced when it was designing 
and building INDiGO were: 

1. Reduce the complexity of processes and systems. 
2. Build a system that is flexible and agile in response to 

changes in sources of norms. 
3. Build a system that is supporting professional employees and 

is not perceived as a straitjacket. 

The development of INDiGO was a case study for the NWO-
sponsored AGILE project. AGILE is an acronym for Advanced 
Governance of Information services through Legal Engineering. 
This resulted in several publication [7][13]. More recently 
INDiGO was used as a study case for a legal thesis on agile law 
making [14] (in Dutch). 

Though INDiGO is doing fine as the information system for 
the IND, the ambition to build a system that is flexible and agile 
in response to changes in sources of norms is not fully achieved. 
At the same time, the need for flexibility and agility in relation 
to changes in sources of norms, traceability of the origins of 
norms is the system, and accountability on the compliancy of the 
system have become more important. The Dutch national 
government aims to have all public services to be available 
digitally. Furthermore, there is a debate going on requiring 
comprehensible explanation for all (automatic) decisions. In co-
operation with the Dutch Tax and Custom Administration 
(DCTA) the Leibniz Institute and the PNA group, the IND has 
searched for adequate solutions [5][14]. 

This paper is about the legal engineering aspects of INDiGO. 
We show an example of the explicit interpretation of the Dutch 
Aliens Act that aims to: 

1. Make explicit interpretations of sources of norms that can be 
used in multidisciplinary teams consisting of lawyers, policy 
advisors, administrative workers and knowledge engineers. 

2. Make comprehensive, high-level interpretations of sizable 
amounts of sources of norms. 

3. Enable a modular approach that allows adding detailed 
interpretation at a later time or adding links to interpretation 
of other sources of norms. 

4. Enable structured debate on disagreements on 
interpretations of sources of norms and the application 
thereof in specific cases.   
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In this paper, we will discuss the first three aims. For more on 
structured debate on disagreements, see [3]. 

In Section 2, we will give a short overview of the results of 
early work in our quest for explicit interpretations of sources of 
norms and its theoretical basis. In Section 3, we will give a short 
introduction of the Calculemus method and the FLINT language 
for the explicit interpretation of sources of norms. In Section 4, 
we will present the results of the analysis of the generative 
norms in the Dutch Aliens Act. In Section 5, we will discuss 
results and future work. 

2 Early work and Theoretical Framework 
In the development of INDiGO the acquiring and modelling of 
legal knowledge was a bottleneck. Legal experts and knowledge 
engineers had to work together to make sound models. 
However, while the legal experts could not see how a piece of 
text was not sufficient to be machine interpreted, the semantic 
engineers could not understand the interpretations of the legal 
experts. Knowledge engineers proposed a method that interprets 
norms as descriptions of behavior that is either allowed or 
forbidden [13]. This is essentially a deontic perspective on 
norms. 

The approach succeeded in so far, that using this 
conceptualization the rule-base of INDiGO was created, that 
functions reasonably well. The goal of creating a single-source-
of-knowledge on norms and rules, however, was not achieved. In 
our opinion this has two main causes: 

1. The pursuit of completeness of the legal framework. 
2. The choice for a deontic approach. 

By striving to analyze 500+ laws and regulations in order to 
create a complete normative knowledge base, an impossible task 
was created. A modular approach that starts with a high-level 
interpretation of the core of the sources that regulate the work 
of the IND, would have been better [14]. In this paper we present 
such an approach. 

The choice for a deontic approach neglects the importance of 
the regulation of the power to act. Power is a under specified 
concept in AI and Law [16]. 

In 1931 Kocourek [12] stated that there are different opinions 
on the number of fundamental normative relations, but that 
there was nobody that believed that there are more than four. 
People who follow the deontic approach believe that the 
fundamental legal relation is the claim-duty relation. This means, 
that in their opinion all normative positions and relations can be 
expressed using deontic concepts, e.g. Herrestad [10]. Kocourek 
himself believed that there are two fundamental normative 
relations: the claim-duty relation and the power-liability relation. 
According to Kocourek, Hohfeld is the most important 
proponent of four fundamental normative relations: claim-duty 
relation, power-liability relation, liberty-no claim relation, and 
immunity-disability relations [11]. In practice, there is little 
difference between the position that there are two or four 

fundamental normative relations. There is not much difference 
to claiming a liberty-noclaim relation is fundamental, or that it is 
the same as an absent claim-duty relation. Therefore, we work 
with a model that is based on two fundamental normative 
relations. 

In Section 3 we will present an approach that interprets 
sources of norms from an action perspective. We will do so by 
introducing the Calculemus method for building explicit 
representations of normative relations, and the FLINT language 
to express these representations. 

For more on the theoretical base of FLINT, see [4]. 

3 The Calculemus method 
In the last years we have been developing a method that aims to 
make interpretations of sources of norms that can be used: 

1. to make specifications for decisions being taken by machines 
and people in administrative organizations, 

2. to support the grounding of decisions made in courts, and 
3. to support the implementation and evaluation of policies in 

large organizations. 

This work has resulted in a method to address questions 
related to norms between people and in organizations 
[1][2][3][4]. The goal of this method is to create a method for the 
interpretation of written or spoken sources of norms in natural 
language, resulting in specifications for normative multiagent 
systems that can be used by humans and machines.  

For the expression interpretation of sources of norms, we are 
developing the Formal Language for the INTerpretation of 
sources of norms (FLINT). This is a now semi-formal language 
that is evolved from working on real-life cases. The language 
consists of three frames. One to describe normative actions 
performed by an actor that results in normative changes 
addressed to an agent that is either receiving the results or is an 
interested party. This frame is called an act type frame, because it 
describes all the aspects of the function that changes a state due 
to a normative action performed by an agent. We make a 
distinction between the action of the agent and all that is 
necessary to achieve an effect, i.e. a transition to another 
normative position. The act type frame is presented in Table 1. 

The act consists of the action of actor, an object that is acted 
upon and is submitted to a transition because of that action. The 
act is valid if it is performed in a state that meets a precondition. 
If the action is performed and the precondition is met, the action 
will result in normative facts, and/or normative relations being 
either created or terminated. The act type frame describes a 
power-liability relation in which the actor holds a power to 
perform a certain action with a functional effect that comes to 
existence if the action is valid, i.e. if the precondition is met. The 
interested party holds a liability related to the action of the actor. 

The act frame is a concept that exist only in institutional 
reality. The act frame and all its components are constituted by 
giving additional meaning to facts in social reality by qualifying 
them as normative components. As a result, institutional reality 
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does not have a procedural perspective. Time is only relevant in 
institutional reality because of the time interval in which sources 
of norms are valid, the time interval in which facts occur in 
social reality and the time that facts in social reality are qualified 
as normative, or institutional facts. 

 
Act frame <<name of the act frame>> 
Action Action that causes the transition of an object 
Actor Agent role that is allowed to perform action 
Object The object acted upon 
Recipient / 
Interested Party 

Agent role having a normative relation with 
the actor concerning his action 

Precondition Set of conditions that must be met to allow the 
action of the actor 

Creating 
postcondition 

Facts or normative relations created by action 
of the actor 

Terminating 
postcondition 

Facts or normative relations terminated by 
action of the actor 

References	to	
sources	

Reference to the source of the act type, 
including information on version 

Table 1: The Institutional Act Type Frame and its 
Constituents 

The results of acts frames can be facts that are created because 
of the transition of the object. The object itself can be seen as a 
fact in the role of the object of action. For example: if an 
application for a permit is positively decided upon, it results in 
the creation of a permit, and the termination of the application, 
because it is not desirable to take a new decision on the 
application before withdrawing the first one. A normative act, 
represented by an act frame, can also create two types of 
normative relations: potestative relations and deontic relations. 
Potestative relations can be used to create new act frames, e.g. 
the decision that an official gets the power to execute normative 
actions.  

 
Duty	frame	 <expression of the duty (future act)> 
Duty	holder	 Agent role holding the duty 
Claimant	 Agent role holding the claim 
Creating	
institutional	act	

The normative act(s) that creates the claim-
duty relation 

Enforcing	
institutional	act	

The normative act(s)that the claimant can use 
to enforce the satisfaction of the duty in case 
the duty holder renounces a duty 

Terminating	
institutional	act	

The normative act(s) that satisfies the claim-
duty relation (effectively terminating it) 

References	to	
sources	

References to fragments of sources of norms 
for all frame elements, including information 
on version 

Table 2: The Duty Frame and its Constituents  

The deontic normative relation consists of a duty, or 
obligation, that is in effect the state in which an institutional act 
that ought to be performed in the future, or ought to have been 
performed in the past in case of a violation of the duty. A duty 
frame consists of an expression of the duty involved. It has a 

duty holder and a claimant. The duty frame also has one or more 
creating act frame(s) that can create the duty, enforcing act 
frame(s) that can be used to enforce the satisfaction of the duty 
in case the duty holder renounces his duty, and terminating (or 
satisfying) act frame(s) that effectively terminates the claim-duty 
relation the duty frame is an expression of.  

In case a duty holder is of the opinion that he does not have a 
duty, he can claim a privilege or liberty towards the claimant, 
using an appropriate act frame. The claimant and the duty holder 
now have a conflict on the question whether a claim-duty 
relation exists, or not. The argument usually will be about the 
question whether the normative act that created the duty was 
valid, or whether or not the normative act that was supposed to 
terminate the duty was valid. Since this question is about the 
presence or absence of a claim-duty relation there is no need for 
a separate frame for liberty-no claim relations. The duty frame is 
presented in Table 2. 

 
Fact frame [expression of fact] 
Function Boolean function expressing the condition that 

makes a fact true, or an arithmetic function, 
e.g. for calculating amounts of money 

References	to	
sources	

Reference to the source of the fact type, 
including information on version 

Table 3: The Institutional Fact Frame and its Constituents 

The third frame of the FLINT language concerns the fact type 
frame. The fact frame that can be used to make detailed 
statements on the precondition of an institutional act. The 
precondition consists of a function of institutional facts 
connected by Boolean or arithmetic operators. Every institutional 
fact in the function of an institutional fact frame, can be the 
subject of a new fact frame. The level of detail that is pursued 
depends on the purpose of the analysis. The institutional fact 
frame is presented in Table 3. 

4 Analysis of the Aliens Act 
In 2018 a FLINT analysis was made for students and highly 
skilled workers that want to reside in the Netherlands, using the 
Calculemus method. Relevant sources of norms were collected, 
and explicit interpretations were made using the FLINT 
language. The experiment showed that it was possible to make a 
modular analysis of specific tasks of the IND using a middle-out 
approach, thus solving the gridlock caused by striving to 
completeness that was one of the causes for the unsuccessful 
attempt to create a single point of truth on normative knowledge 
for the IND during the development of INDiGO. 

The results of this experiment also showed that the core 
concepts in the INDiGO information system, e.g. qualifications, 
criteria and evidence, did not, or no longer, reflect the 
specifications of sources of norms. Since the start of the INDiGO 
program, the original model, based on qualifications (rights that 
people want to qualify for), criteria (that should be met in order 
to be fit to qualify for a qualification), and evidence (with which 
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one can sufficiently proof that a criterium is met) were 
contaminated because practical solutions were chosen to solve 
urgent requests of users of the systems. The architectural 
principles of the original system, as described in [7] were not 
properly guarded.  

The analysis of the sources of norms for specific products, 
lead to the conclusion that there was a need for administrative 
specifications that combine a normative perspective with the 
practical perspective of administrators of the Alien Act. The 
question at hand, was whether it is possible to use the 
Calculemus method and the FLINT language to analyze larger 
amounts of sources of norms, without getting trapped by the 
quest of completeness. In legal analysis there is always the risk 
to get lost in exotic details, or possible exceptions: very 
interesting from a legal perspective, but irrelevant from an 
administrative perspective. We tried to bypass this trap by 
limiting the analysis to acts, i.e. act frames, that are grounded in 
the Aliens Act. The ratio of this choice is that by looking for act 
frames, we would be able to address all causes for the generation 
of new facts and new normative relations. The generation of 
normative facts or relation always requires an act. 

The Dutch Aliens Act is one of the two main acts that are 
administrated by the IND.1 The Aliens Act regulates more then 
80% of the work done by the IND. The question we want to 
answer using the Calculemus method is: “What Act Frames Can 
Be Retrieved from the Aliens Act?”  

In order to answer that question, we have taken 5 steps: 

1. Choose a way to split up the Aliens Act into separate 
containers of knowledge. 

2. Classify constituents of the Aliens Act that contain act 
frames. 

3. Make classes of act frames that are found in the Aliens Act. 
4. Assign act frames to the IND. 
5. Make guidelines for elaborating pre- and postconditions. 

4.1 How to Split Up the Aliens Act in Separate 
Containers of Knowledge? 

In April 2001 the first version of the Aliens Act came into effect. 
Since than numerous changes have been made to the original 
text. Every change was separately published by the Dutch 
government. The versions of the Aliens Act on the web [8] (in 
Dutch) is an aggregation of the original text and the official 
publication of all changes to the Aliens Act. For this paper the 
version that was valid starting July 28, 2018 was used. The full 
text of the law was divided into clauses, subordinate clauses, and 
components of enumerations. The English translation of the 
Dutch legislation in this paper are unofficial translations by the 
authors. The English designations used are based on the 
guidelines of the European Union [6]. The reason for 
decomposing the text of the law, is to make a set of components 
that are minimal meaningful units. 

                                                             
1  The IND is responsible for immigration (regulated by the Aliens Act), and 
naturalization (regulated by the Dutch Nationality Act). 

In Table 4 we show an example is for the decomposition of 
Article 14 (1) Aliens Act. The decomposition of the Aliens Act 
into clauses is laid down in a spreadsheet that contains more 
detailed information of every component of the source, including 
separate versions of the same component valid at different 
periods of time. This decomposition will be used as a 
specification for future tooling for the decomposition of sources 
or norms. Emile de Maat [15] built a prototype for automatically 
decomposing Dutch legislation and improving the possibilities 
for making identifiers for words, or groups of words, in sources 
of norms. Unfortunately, this prototype was never taken in 
production. For the purpose of this paper the decomposition of 
the Aliens Act was done by hand. De Maat’s did experiment with 
several methods for the interpretation of norms, but did not 
come to a satisfying method for the interpretation of sources of 
norms in natural language. 

 
Reference Text Valid since 

(yyyymmdd) 
Art. 14 (1) 1. Our Minister is authorized: 20010401 
Art. 14 
(1)(a) 

a. to grant, reject, or disregard the 
application to provide a temporary 
regular residence permit; 

20010401 

Art. 14 
(1)(b) 

b. to grant, reject, or disregard the 
application of the extension of the 
period of validity; 

20010401 

Art. 14 
(1)(c) 

c. to change a temporary regular 
residence permit, on application or 
ex officio, due to changed 
circumstances; 

20130601 

Art. 14 
(1)(d) 

d. to revoke a temporary regular 
residence permit; 

20010401 

Art. 14 
(1)(e) 

e. to grant, or to extend the period 
of validity of a temporary regular 
residence permit ex officio. 

20130601 

Table 4: Decomposition of Article 14 (1) Aliens Act 

The Aliens Act consists of 1.387 components, of which 1.370 
constitute the body of the law. The body of the law consists of 
274 structural components, i.e. titles of chapters, divisions, 
sections, and titles of articles, leaving 1.096 components that 
contain sources of norms related to immigration policies. 

4.2 Which clauses of the Aliens Act can be 
interpreted as act frames? 

An act frame is a classification for a clause, or a combination of 
clauses, describing a normative act: an action, performed by an 
actor, on an object, while a precondition is met, with a result and 
an interested party. So, the question is, which clauses of the 
Alien Act can be interpreted as being part of an act frame? 

Usually a sentence in a source of norm, e.g. the Aliens Act, 
that can be interpreted as an act frame, contains an action, an 
actor and the object that is acted upon. Though, not always in 
the same clause. In Table 4 you can see that the main clause of 
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Article 14 (1) contains an actor (Our Minister2), while the action, 
and object acted upon can be found in Article 14 (1)(a). That the 
interested party of this act frame is the alien that submitted the 
application, can be derived from Article 8 Aliens Act, in which it 
is stated that an alien has lawful residence in the Netherlands if 
he has a residence permit as mentioned in Article 14 Aliens Act. 

The interpretation of the Aliens Act using act frames is done 
by selecting clauses that contain an action. A preliminary name 
for the act frame is connected to the clause. Then, the source text 
is examined in order to find the actor, the object and the 
interested party of the act frame at hand. The exact words from 
sources of norms are used to express components of the act 
frame and to adjust the name of the act frame, if necessary. The 
precondition and postcondition (results) of the act frame are left 
open for further interpretation at a later time. These parts of the 
act frame are more complex because precondition and 
postcondition may be a composition of multiple components 
from multiple sources. 

There are three main groups of act frames we found in the 
Aliens Act. The first group concerns act frames that create 
additional rules, e.g. the creation of rules by order in council, e.g. 
in Article 2a (2) main clause and under (a) Aliens Act: 

By or pursuant to an order in council: 
a. further rules are laid down regarding natural persons 
and organizations that can act as sponsors; 

The second group concerns acts that give authorities to the 
Minister of Justice and Security, or to officials that act in his 
name, e.g. Article 2c (2) main clause and under (a) Aliens Act: 

Our Minister is authorized: 
a. to grant, reject or disregard the application for 
recognition as sponsor, 

The third group concerns act frames that give authorities to 
individuals that are an interested party in relation to the Aliens 
Act, e.g. Article 3 (4) Aliens Act, second sentence: 

A decision to refuse entry to the Netherlands, that has 
already been taken, will lapse as from the time at which 
the alien indicates that he wishes to submit an 
application as referred to in the third Paragraph. 

Here an alien has the power to lapse a decision to refuse the 
entry to the Netherlands by applying for temporary asylum 
residence permit, i.e. the application mentioned in Art. 3 (3) 
Aliens Act. 

Of the 1.096 clauses of the body of the Aliens Act 250 
contained one or more act frames. A clause can be the source of 
multiple act frames when a clause contains multiple actions, like 
the clauses in Article 14 (1) Aliens Act, see Table 4, that 
represent act frames to grant, reject, or disregard the application 
to provide a temporary regular residence permit. 

In the Aliens Act we found a maximum of four act frames in 
one clause. In total, we found a total 428 act frames in the Aliens 
Act. 

                                                             
2 The fact that ‘Our Minister’ is the ‘Minister of Justice and Security’ is laid down in 
Article 1 Aliens Act. 

4.3  Categories of Act Frames in the Aliens Act 
The act frames in the Aliens Act can be divided in multiple 
categories. Table 5 gives an overview of the number of items for 
every constituting element. 

 
Concepts Number 

of Items 
Actor 12 
Action 96 
Object 177 
Interested Party 29 

Table 5: Number of Items per Constituting Element of the 
Act Frames in the Aliens Act 

In order to focus on the act frames for which the IND is 
responsible, we zoom in on the actors for whom a role is laid 
down in the Aliens Act, see Table 6. The actor charged with 
most of the acts described in the Alien Act, is the Minister of 
Justice and Security. These acts include the acts performed by 
the IND in name of the Minister of Justice and Security. The 
Dutch Government is involved in slightly less different acts. It 
concerns the authority to make additional rules by or pursuant 
to order in council on a large array of specific issues. 

 
Actors Number 

of Acts 
Minister of Justice and Security 178 
Government 161 
Official Charged with Border Control 30 
Official Charged with the Supervision of Aliens 25 
District Court 13 
Alien 10 
Carrier 4 
Administrative Authorities 2 
Administrative Law Division of the Council of State 2 
Chief of Police 1 
Officer in Command of the Royal Netherlands 
Marechaussee 

1 

Sponsor (of the Alien) 1 

Table 6: Actors in the Aliens Act and the Number of Acts 
Assigned to them 

Officials charged with border control and supervision are 
mentioned separately because they not only take decisions in 
writing in name of the Minister of Justice and Security but are 
also authorized to use physical force for all kinds of acts, 
including imprisonment. The Commander of the Marechaussee 
is in charge of border control, the Chief of Police in charge of the 
supervision of aliens. The District Court is responsible for 
deciding on legal conflicts related to the Aliens Act. The 
administrative law division of the Council of State is responsible 
for the administration of appeals. Carriers responsible for 
illegally transporting people into the country can be forced to 
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transport people to a place outside the Netherlands free of 
charge. Aliens and sponsors can perform acts related to their 
procedures to gain rights regulated by the Aliens Act. 

4.4  Which Act Frames are Assigned to the 
IND? 

The Minister of Justice and Security is responsible for tasks he 
performs personally, but also for a wide array of tasks carried 
out in his name by officials. The tasks of the IND are amongst 
these. 

Of the 178 tasks assigned to the Minister, 106 are assigned to 
the IND. These tasks can be divided into 5 main categories: 

1. Residence permits and recognized sponsorship 
2. Proof of lawful residence 
3. Deadlines for taking decisions 
4. Collecting and using biometrical data 
5. Data and Knowledge Management  

The result of this exercise is a complete set of actions the IND 
can perform based on the Aliens Act, divided in groups related to 
specific tasks and products. In Section 4.5 we show how the pre- 
and postconditions of act frames are constructed. 
 

4.4.1 Residence permits and recognized sponsorship. The 
category residence permits and recognized sponsorship contains 
the core task of the IND. It contains 83 act frames concerning 45 
objects. The IND administers the providing of four types of 
residence permits3: 

1. Provisional residence permit (7 objects, 15 act frames) 
2. Regular residence permits (12 objects, 25 act frames) 
3. Residence permits based on European legislation (3 objects, 

5 act frames) 
4. Asylum residence permits (11 objects, 21 act frames) 
5. Return visa (6 objects, 10 act frames). 

The provisional residence permit is more like a visa than a 
residence permit. It is a visa to enter the Netherlands for people 
that apply for a regular residence permit. The regular residence 
permit is a residence permit that assigned for other reasons than 
for the purpose to give asylum. Regular residence permits are 
granted for specific purposes, e.g. family life, work or study. 

In this paper, we will discuss the acts related to the granting, 
rejecting and disregarding of regular residence permits. The other 
categories are administered using technically comparable act 
frame, although there are considerable differences from a legal 
perspective. We will address these differences at another paper. 

4.4.2 Proof of lawful residence. The IND is obliged to provide 
lawful residing aliens with a document or a written statement 
that proves lawful residence. For this task there are 5 objects and 

                                                             
3 Permits for long-term residents of the European Union are, strictly speaking, a 
separate category, because they are based on European regulations. But for the 
purpose of this paper, they are included in the category regular residents permits. 

5 act frames because for this category the only action is: to 
provide. 

4.4.3 Deadlines for taking decisions. The Aliens Act requires the 
IND to decide on application within a limited period of time. 
There are separate time limits for every category of applications. 
Also, for all categories there are rules that regulate the possibility 
to extend the deadline for a decision. After the related act frames 
where extracted from the Aliens Act, we noticed the IND 
information architecture did not include decisions to extend the 
term available for deciding on application. Where the IND intends 
to use rule-based decisions for all tasks its primary process, 
decisions for extending deadlines were, until now, never seen as 
separate decisions. There are 10 different objects, 9 of which are 
related extending deadlines for taking decisions, and the other 
one related to making the decision known to interested parties. 

4.4.4 Collecting and using biometrical data. The IND collects 
fingerprints and facial images of aliens for identification 
purposes. There are separate act frames for requesting biometrical 
data, collecting it, providing it to other agencies, receiving it from 
other agencies, and for comparing the fingerprints of aliens with 
fingerprints stored in a document of an administration. There are 
6 objects and 6 act frames in this category. 

4.4.5 Data and knowledge management. The Aliens Act 
describes how the IND ought to process personal data. The IND 
can designate administrations acquiring data concerning aliens 
and their legal procedures. There are act frames for requesting and 
acquiring data. There is an act frame for maintaining an aliens 
administration. And there are act frames for attaching written 
documents to applications. There are 6 objects and 6 act frames in 
this category. 

4.5 Elaborating Pre- and Postconditions of 
Applications for Regular Residence Permits 

Determining the pre- and postconditions of an act frame is 
not a straight-forward procedure. While the other elements of 
the act frame are singular concepts. The act frame can only 
concern one action and has one actor. However, the pre- and 
postcondition of an act frame may consist of complex 
statements. We will show some examples of complex 
preconditions and the use of fact frames for expressing the 
details of a complex precondition. The postcondition consists of 
one or more elements that are created or terminated if an act is 
valid. 

We start with the representation of the act frame 
representing the rejection of an application to grant a temporary 
regular residence permit, see Table 7. We do so, because the 
Aliens Act contains specific grounds for rejecting an application 
to grant a temporary regular residence permit, or to disregard it, 
but not for granting it. The rules for granting an application 
must be derived from the inability to reject or disregard it.  

Art. 66a (6) Aliens Act states that an alien that has a travel 
ban or has been signaled for the purpose of refusing entry, 
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cannot have a valid residence permit, asylum nor regular. The 
same goes for aliens that have been pronounced undesirable 
based on art. 67 (3) Aliens Act. 

 
Act frame <<rejecting a temporary regular residence 

permit>> 
Action [reject] 
Actor [Minister of Justice and Security] 
Object [application to provide a temporary regular 

residence permit] 
Recipient / 
Interested Party 

[alien] 

Precondition ( 
[alien has a travel ban or has been signaled for 
the purpose of refusing entry] 
OR 
[alien has pronouncement of undesirability] 
OR NOT [application contains purpose of 
residence] 
OR NOT [alien has a provisional temporary 
residence permit] 
OR NOT [alien has a valid border-crossing 
document] 
OR NOT [interested party has sufficient, 
independent, long-term means of support] 
OR 
[alien constitutes a threat to public order or 
national security] 
OR NOT [alien is willing to cooperate in a 
medical examination of a disease designated 
by the Public Health Act or to undergo medical 
treatment for such a disease] 
OR 
[alien has performed any work in violation of 
the Aliens Labor Act] 
OR NOT [alien meets the restriction related to 
the purpose of residence] 
OR NOT [alien has sufficient knowledge of the 
Dutch language and Dutch society] 
OR 
[alien has provided incorrect data or has 
withheld data] 
OR NOT [alien has only resided in the 
Netherlands on the basis of Article 8 Aliens 
Act] 
OR NOT [sponsor has submitted a statement 
for the purpose of the intended residence of 
the alien] 
) 
AND NOT [adverse consequences of a 
decision may not be disproportionate to the 
purposes to be served by the decision] 

Creating 
postcondition 

[decision to reject application to provide a 
temporary regular residence permit] 

Terminating 
postcondition 

[application to provide a temporary regular 
residence permit] 

References	to	
sources	

Art. 14 (1) Aliens Act, main clause and under 
(a) 

Table 7: Act frame for rejecting a temporary regular 
residence permit 

The next eleven possible grounds for rejecting a residence 
permit can be found in art. 16 (1) Aliens Act. This article 
contains a full set grounds for the rejection of the application of 
temporary regular residence permits. These grounds are only 
relevant for temporary regular residence permits, not for 
permanent permits, or for asylum permits. Every of these 
grounds has several exceptions, e.g. art. 17 (1) Aliens Act 
contains a set of exceptions for the condition that an alien must 
have a provisional temporary residence permit, these exceptions, 
e.g. based on nationality, are not discussed in this paper.  

The last condition, i.e. that a decision may not have adverse 
consequences that are disproportionate to the purposes to be 
served by the decision, is not to found in the Aliens Act, it is a 
general condition for decisions to be taken by administrative 
authorities laid down in the General Administrative Law Act 
(GALA) [9]. GALA provides a framework for Dutch 
administrative acts. In this paper, we will not go into the details 
of this matter. The fact that the result of the granting, rejecting 
or disregarding of an application for a temporary regular 
residence permit is a decision, is a result of the definition of the 
concept ‘application’ as the request by an interested party to 
take a decision (art. 1:3 (3) GALA).The application itself is 
terminated by deciding on it. If a decision has been taken on an 
application, it is not possible to make additional decisions on the 
same application, this is only possible after revoking the 
decision, as is regulated in GALA. 

Disregarding of the application to provide a temporary 
regular residence permit, see Table 8, is a rather simple act 
frame, it can only be done on the ground that fees due for the 
settlement of to grant a temporary regular residence permit have 
not been paid (art. 24 (2) Aliens Act, third sentence). There is 
also a possibility to disregard application based on art. 4:5 GALA, 
because this is an act that is not based on the Aliens Act, it is not 
discussed in this paper. 

 
Act frame <<disregarding a temporary regular residence 

permit>> 
Action [disregard] 
Actor [Minister of Justice and Security] 
Object [application to provide a temporary regular 

residence permit] 
Recipient / 
Interested Party 

[alien] 

Precondition NOT [fees due for the settlement of to grant a 
temporary regular residence permit have been 
paid] 

Creating 
postcondition 

[decision to disregarding application to 
provide a temporary regular residence permit] 

Terminating 
postcondition 

[application to provide a temporary regular 
residence permit] 

References	to	
sources	

Art. 14 (1) Aliens Act, main clause and under 
(a) 

Table 8: Act frame for disregarding a temporary regular 
residence permit 
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This leaves the granting of a temporary regular residence 
permit, see Table 9. Art. 26 (1) Aliens Acts states that a regular 
residence permit is granted from the day on which the alien has 
demonstrated that he meets all conditions, but not earlier than 
from the day on which the application was received. 

Art. 26 (1) is the only condition mentioned in the Aliens Act 
for granting a temporary regular residence permit. We will 
elaborate the fact frame [regular residence permit is granted 
from the day on which the alien has demonstrated that he meets 
all conditions] shortly, but first we will address the other 
elements in the precondition, and the postcondition of this act 
frame. 

The other elements in the precondition —that an alien that is 
granted a temporary regular residence permit may not have a 
travel ban or have been signaled for the purpose of refusing 
entry, or have been pronounced undesirable based on art. 67 (3) 
Aliens Act— follow from the act frame on the rejection of the 
residence permit. 

 
Act frame <<granting a temporary regular residence 

permit>> 
Action [grant] 
Actor [Minister of Justice and Security] 
Object [application to provide a temporary regular 

residence permit] 
Recipient / 
Interested Party 

[alien] 

Precondition [regular residence permit is granted from the 
day on which the alien has demonstrated that 
he meets all conditions] 
AND 
NOT [residence permit granted earlier than 
from the day on which the application was 
received] 
AND 
NOT [alien has a travel ban or has been 
signaled for the purpose of refusing entry] 
AND 
NOT [alien has pronouncement of 
undesirability] 

Creating 
postcondition 

[decision to grant an application to provide a 
temporary regular residence permit]; 
<granting a temporary regular residence 
permit under restrictions>; 
<determine the period of validity of the 
regular residence permit>; 
<provide the alien with a document proving 
lawful residence> 

Terminating 
postcondition 

[application to provide a temporary regular 
residence permit] 

References	to	
sources	

Art. 14 (1) Aliens Act, main clause and under 
(a) 

Table 9: Act frame for granting a temporary regular 
residence permit 

The postcondition of the granting of a permit has more 
elements than the rejecting or disregarding of it. Apart from the 
creation of decision to grant an application for the provision of a 

temporary regular residence permit and the termination of the 
application to provide one, several duties are created. The duties 
follow from art. 14 (3) Aliens Act, where it is laid down that a 
temporary regular residence permit is granted under restrictions 
related to the purpose of residence. Art. 14 (4) Aliens Act 
requires the determination of the period of validity of the 
residence permit, that may not exceed a period of 5 years, and 
Art. 9 (1) Aliens Act requires that a document proving lawful 
residence is provide to the alien that is granted a residence 
permit, i.e. to provide the document that is the residence permit. 
After elaborating the fact frame [regular residence permit is 
granted from the day on which the alien has demonstrated that 
he meets all conditions] we will show how these duties can be 
represented in FLINT. 

 
Fact frame [regular residence permit is granted from the 

day on which the alien has demonstrated that 
he meets all conditions] 

Function [alien has demonstrated that he meets all 
conditions of the regular residence permit] 
AND 
[day on which alien has demonstrated he 
meets all the conditions for a regular residence 
permit] 
AND 
NOT [day on which alien has demonstrated he 
meets all the conditions for a regular residence 
permit lies before the day the application was 
submitted] 

References	to	
sources	

Article 26 (1) Aliens Act 

Table 10: Fact frame for determining whether a ‘regular 
residence permit is granted from the day on which the alien 
has demonstrated that he meets all conditions’ 

Fact frame [alien has demonstrated that he meets all 
conditions of the regular residence permit] 

Function [alien allows himself to be photographed and 
to have his fingerprints taken] 
AND 
( 
[alien meets the conditions to provide a 
temporary regular residence permit provision] 
OR 
[alien meets the conditions for extending a 
temporary regular residence permit] 
OR 
[alien meets the conditions for changing a 
temporary regular residence permit] 
OR 
[alien meets the conditions to provide a 
permanent regular residence permit] 
) 

References	to	
sources	

Article 26 Paragraph 1 Aliens Act 

Table 11: Fact frame for determining whether a ‘alien has 
demonstrated that he meets all conditions of the regular 
residence permit’ 
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The fact [regular residence permit is granted from the day on 
which the alien has demonstrated that he meets all conditions], 
see Table 10, is based on Art. 26 (1) Aliens Act. 

 
Fact frame [alien meets the conditions to provide a 

temporary regular residence permit] 
 

Function [application contains purpose of residence] 
AND 
[alien has a provisional temporary residence 
permit] 
AND 
[alien has a valid border-crossing document] 
AND 
[interested party has sufficient, independent, 
long-term means of support] 
AND 
NOT [alien constitutes a threat to public order 
or national security] 
AND 
[alien is willing to cooperate in a medical 
examination of a disease designated by the 
Public Health Act or to undergo medical 
treatment for such a disease] 
AND 
[alien has not performed any work in violation 
of the Aliens Labor Act] 
AND 
[alien meets the restriction related to the 
purpose of residence] 
AND 
[alien has sufficient knowledge of the Dutch 
language and Dutch society] 
AND 
NOT [alien has provided incorrect data or has 
withheld data] 
AND 
[alien has only resided in the Netherlands on 
the basis of Article 8 Aliens Act] 
AND 
[sponsor has submitted a statement for the 
purpose of the intended residence of the alien] 
AND 
[fees due for the settlement of to grant a 
temporary regular residence permit have been 
paid] 

References	to	
sources	

Article 26 Paragraph 1 Aliens Act 

Table 12: Fact frame for determining whether a ‘alien meets 
the conditions for granting a temporary regular residence 
permit provision’ 

First we split the fact in three, resulting in the fact [alien has 
demonstrated that he meets all conditions of the regular 
residence permit], the fact [day on which alien has demonstrated 
he meets all the conditions for a regular residence permit], and 
[day on which alien has demonstrated he meets all the 
conditions for a regular residence permit lies before the day the 
application was submitted]. The fact [alien has demonstrated 
that he meets all conditions of the regular residence permit] is 

then elaborated in Table 11. The other two facts need an 
arithmetic function to determine whether they are true or false. 

In Art. 106a (1) Aliens Act, first sentence, the condition that 
the alien assists with providing a photograph and fingerprints to 
being taken. Additionally, from Art. 14 (1) Aliens Act it follows 
that there are four act types related to regular residence permits, 
with separate pre- and postconditions. For determining the 
conditions for granting a temporary regular residence permit we 
need to zoom in on fact [alien meets the conditions for granting 
a temporary regular residence permit], see Table 12. 

The Boolean function that makes the fact [alien meets the 
conditions to provide a temporary regular residence permit] true 
consists of the combination of the precondition of rejecting the 
application and disregarding it, see Table 12. 

4.6 Satisfying Duties Created by Granting a 
Regular Residence Permit 

The duty to grant a temporary regular residence permit under 
restrictions is created by granting the permit. Enforcing of the 
duty is possible by submitting a letter of objection. The duty can 
be fulfilled or terminated by a whole set of acts that are 
described in the Aliens Decree, an Order in Council that contains 
the majority of the rules that can be made based on act frames in 
the Aliens Act. For every restriction there is a separate act frame, 
with a specific precondition and a specific result. There are more 
than hundred separate restrictions, two of them are shown in 
Table 13. 

 
Duty	frame	 <granting a temporary regular residence 

permit under restrictions> 
Duty	holder	 [Minister of Justice and Security] 
Claimant	 [alien] 
Creating	
institutional	act	

<<grant an application for a temporary regular 
residence permit>> 

Enforcing	
institutional	act	

<<submit a letter of objection>> 

Terminating	
institutional	act	

<<grant a temporary regular residence permit 
under restriction: Residence as a family 
member with (name). Work freely allowed. 
Work permit not required.>>; 
… 
<< grant a temporary regular residence permit 
under restriction: Residence for non-
temporary humanitarian grounds. Work freely 
allowed. Work permit not required. >> 

References	to	
sources	

Article 4 (3) Aliens Act, first sentence 

Table 13: Fact frame for determining whether a ‘granting a 
temporary regular residence permit under restrictions’ 

The determining of the period of validity of the residence 
permit is done in a comparable way. The rules for determining 
the period of validity of a regular residence permit are laid down 
in the Aliens Regulation, a regulation that contains regulations 
that are created by the Minister of Justice and Security pursuant 
to an order in council made on the basis of an act as described in 
the Aliens Act. 
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The last remaining duty is the duty provide the alien with a 
document proving lawful residence. There are five types of 
documents, document I is the type of document that is given to 
aliens with a temporary regular residence permit. The permit 
contains personal data of the alien, the restriction under which 
the permit is valid, and the period of validity. 

5 Results and Conclusion 
This paper gives an overview of the application of a method for 
the interpretation of sources of norms to interpret the Aliens 
Act, and to make administrative specifications of tasks that are 
the responsibility of the IND. A first validation of these results 
has been made by a lawyer and a knowledge engineer working 
for the IND. In the next months there will be more extensive 
validations. The IND is about to decide whether to permanently 
use the presented method for making normative specifications. 

The IND is about to decide what method to use to make 
traceable specifications for all tasks, products and processes 
administrated by the IND. Suitable alternative methods that can 
be used on industrial scale have not been found yet. 

Results on the mapping of normative concepts on the 
information architecture are only preliminary. However, the 
FLINT representation is well received by experts in all relevant 
disciplines because:  

1. They are perceived not to be merely technical but based on 
sources of norms. 

2. The extensive references to sources provides insight in 
relations between information concepts, that cannot be 
(easily) found within the current information system 
systems, nor their architecture. 

3. The modular approach, starting with a high-level 
interpretation that enables validating comprehensiveness, 
combined with the possibility to go into any level of detail, 
where necessary.  

Further debate and validation of the results presented in this 
paper, may result in changes in the interpretation. It is one of the 
purposes of this method to clarify chosen interpretations and 
support argumentation about what is the ‘right’ interpretation 
[2][3]. We will report on the outcome of this process, and on 
possible modifications of the method resulting from it. 

The analysis of the entire Aliens Act was performed by one 
single person within one month. This shows that a high-level 
analysis of the sources relevant to a complex governmental 
agency could be done in a relatively short period of time. 
Discussions on priorities for the elaboration of the results are 
taking place. Large-scale application of the method, working 
with multiple analyzers in multiple organizations demand 
further development particularly the development of tool 
support for modelers as well as the generation of IT-
components. Both activities have been planned and first results 
are expected within the current year. In the coming weeks the 
IND will set priorities for elaborating details in preconditions. 
Furthermore, comparable interpretations of the Dutch 

Nationality Act, GALA and the General Data Protection 
Regulation (GDPR) will be made. 
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ABSTRACT 
The	U.S.	Probation	and	Pretrial	Services	Office	staff	produce	billions	of	pages	of	information	on	defendants’	and	offenders’	
profile	and	conduct.	While	it	is	critical	for	probation	officers	and	district	chiefs	to	have	up-to-date	knowledge	on	their	clients	
to	better	assist	and	reduce	risk	of	recidivism,	the	data	are	often	stored	in	narrative	texts	in	multiple	large	documents.	As	a	
result,	these	records	remain	mostly	out	of	reach	without	the	use	of	painstaking	manual	review.	This	paper	describes	an	
analytic	prototype	developed	to	automatically	acquire	structured	information	from	natural	language	text	in	probation	office	
documents	through	the	application	of	PDF	content	extraction,	text	mining,	and	language	analytics.	Since	serious	mental	
illness	is	very	prevalent	in	the	U.S.	corrections	system,	the	first	phase	of	the	project	focused	on	extracting	information	and	
constructing	timelines	from	narrative	text	regarding	the	defendants’	mental	health	conditions,	substance	use	and	treatment	
history.	 
	
Automated	narrative	extraction	and	the	construction	of	an	event	 timeline	 for	defendants’	mental	and	emotional	health	
history	have	allowed	the	probation	office	to	have	a	better	understanding	of	their	client	population	and	to	perform	analyses	
that	were	previously	unavailable	to	the	organization.	This	technical	approach	can	be	applied	across	organizations,	clinical	
administrations,	and	government	agencies	that	maintain	large	amounts	of	information	in	the	form	of	free	text	narratives.	
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ABSTRACT 
The U.S. Probation and Pretrial Services Office staff produce 
billions of pages of information on defendants’ and offenders’ 
profile and conduct. While it is critical for probation officers 
and district chiefs to have up-to-date knowledge on their 
clients to better assist and reduce risk of recidivism, the data 
are often stored in narrative texts in multiple large documents. 
As a result, these records remain mostly out of reach without 
the use of painstaking manual review. This paper describes an 
analytic prototype developed to automatically acquire 
structured information from natural language text in probation 
office documents through the application of PDF content 
extraction, text mining, and language analytics. Since serious 
mental illness is very prevalent in the U.S. corrections system, 
the first phase of the project focused on extracting information 
and constructing timelines from narrative text regarding the 
defendants’ mental health conditions, substance use and 
treatment history.  
 
Automated narrative extraction and the construction of an 
event timeline for defendants’ mental and emotional health 
history have allowed the probation office to have a better 

understanding of their client population and to perform 
analyses that were previously unavailable to the organization. 
This technical approach can be applied across organizations, 
legal institutions, clinical administrations, and government 
agencies that maintain large amounts of information in the 
form of free text narratives. 

CCS CONCEPTS 
• Artificial intelligence • Information extraction • Natural 
language processing • Semantics • Machine learning 
• Temporal reasoning 

KEYWORDS 
Narrative analytics, Text mining, Timeline generation, 
Knowledge discovery, Natural language processing, Document 
processing, Graph representation, Syntax 
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Nick Modly, Stacy Petersen, Eric Scott and Sujit Wariyar. 2019. 
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Proceedings of the Workshop on Artificial Intelligence and the 
Administrative State (AIAS’19).  

1 Introduction 
The U.S. Probation and Pretrial Services Office (PPSO) staff 
supervise more than 300,000 people a year and collect and 
produce billions of pages of information on defendants’ and 
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offenders’ profile and conduct, as well as on the strategies and 
actions of officers and their outcomes. While it is critical for 
probation officers to have up-to-date knowledge on their 
clients to reduce the risk of recidivism, the data are often stored 
in narrative texts in multiple large documents, making it very 
challenging and time-consuming to collect all relevant case 
information manually. This renders 70 terabytes of mostly 
unstructured data on more than a million defendants, and 
strategies used by thousands of officers over decades, mostly 
unusable by PPSO [1]. As a result, policy makers, program 
evaluators, and probation and pretrial services staff have been 
denied valuable data with which to do their jobs. 
 
A significant number of offenders supervised by the U.S. 
probation services have a current mental health condition, 
most of them with co-occurring substance use disorders. 
Defendants who suffer from mental disorders often require 
more intensive monitoring and specialized treatment [2]. We 
therefore focus on addressing important PPSO business 
questions to better understand the nature of the mental 
conditions in the officers’ caseload and gain knowledge of the 
defendants’ diagnosis and treatment history. The information 
was automatically obtained from the free text sections of 
Presentence Investigation Reports (PSIR), which represent 
investigations into the history of the person convicted of a 
crime before sentencing to determine if there are extenuating 
circumstances. To automatically extract and analyze the free 
text information in the PSIRs, we applied language analytics 
technology to detect the events of interest (substance use, 
diagnosis, treatment sessions, prescriptions) in the defendant’s 
life and visualized them as a timeline of activities that could be 
reviewed by the probation and parole officers.  
 
The system leverages Apache cTAKES (clinical Text Analysis 
and Knowledge Extraction System), an open-source Natural 
Language Processing (NLP) system developed specifically to 
extract and analyze clinical information from unstructured text 
[3]. cTAKES identifies clinical terms such as drugs, diseases and 
disorders, symptoms, and medical and treatment procedures. 
It also performs deep textual analysis and can identify, for 
instance, if a sentence is negated or not, or if the person being 
discussed is the patient or a family member. The prototype 
system combines the results of cTAKES with rich linguistic 
analysis from other open source systems such as concept 
ontologies and the Stanford CoreNLP parser and entity 
recognizer [4]. These syntactic and semantic analyses are then 
enhanced to adapt to the use case, by identifying significant 
terms for the events of interest for the mental health domain, 
applying linguistic analysis to improve argument and negation 
detection, and implementing recent advances in NLP to 
improve precision (e.g., vector space semantics, algorithms for 
building a narrative timeline).  
 

All extracted information on a defendant’s narrative is stored 
in a graph database and displayed on a dynamic map, allowing 
filtering of results based on judicial district, defendants’ 
demographic information (age, education, citizenship), 
criminal category, mental conditions or medications 
prescribed.  
 
As large amounts of information in business, government and 
administration are maintained in the form of narratives 
(clinical records, legal and financial summaries, progress 
reports, human resources assessments, etc.), the approach 
described in this paper for acquiring structured information 
from narrative text can be reapplied across organizations and 
government agencies. 

2 Background 
Past clinical information extraction systems have tended to rely 
on shallow NLP techniques (pattern-matching, simple parses, 
linear pattern interpretation rules). More recently, however, 
several projects have adopted knowledge-based approaches 
adapted for the clinical domain.  
 
While the advantages of machine learning methods for 
information extraction cannot be denied, they also present a 
number of limitations in applications for narrative extraction 
from clinical data. To begin with, machine learning algorithms 
require large amounts of training data which are pre-tagged for 
the relevant features and parameters. Preparing the pre-
annotated data sets can be time-consuming and expensive. In 
addition, such probabilistic approaches might miss rare 
phenomena that need to be identified since they do not occur 
often enough in the training data to be picked up by the 
learning algorithms. Another challenge for using machine 
learning methods in the clinical domain is that users often 
expect high level of consistency in the results and precise 
information on how the computational decisions were made. In 
such instances, a rule-based approach might be more 
transparent and easier to understand and modify. 
 
The approach described in this paper leverages in-depth 
linguistic and semantic analysis to detect the domain 
information in narrative text, more in line with recent 
knowledge-based approaches [5] [6]. Machine learning 
approaches often require a large amount of pre-annotated data 
on which to train the algorithms. Since the PSIR data had not 
previously been tagged for the events of interest and mental 
conditions, a purely machine learning approach was not readily 
available. Hence, the prototype applies a hybrid method. It 
leverages rich linguistic and semantic information through the 
application of open-source Natural Language Processing 
systems, adapted for the existing use case by applying a 
combination of rule-based linguistic analysis, vector space 
semantics, and machine learning techniques to enhance the 
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results. These were used to improve negation detection and 
argument identification (i.e., entities the events refer to), and to 
develop temporal reasoning algorithms. Ontologies (lexicons) 
of mental health and medication terms, vetted by a subject 
matter expert, were used for concept identification. The rest of 
this section provides a detailed description of the technical 
steps in building the analytic prototype. 

3 Technical Approach 
The technical approach is a hybrid one, leveraging open source 
NLP applications often developed by training machine learning 
algorithms, and refining the syntactic and semantic analyses 
with a combination of knowledge-based and probabilistic 
approaches.  

3.1 Analytic Pipeline 
The presentence reports undergo several steps in order to 
extract the defendant’s mental health and substance use 
narratives. These are shown in Figure 1 and are described in 
detail in the rest of this section. The specific steps involved are: 
 
1. Content Extraction: parsing the different sections of the 

PDF documents and extracting the structured profile and 
criminal information as well as all free text content. This 
component also “cleans” the data by normalizing the 
textual content to maximize processing. 

2. Language Analytics: The extracted text for each PSIR is 
run through the Natural Language Processing 
components, providing a full linguistic parse, a list of 
entities and events of interest, and semantic relationships.  

3. Knowledge Discovery: This step is the heart of the 
textual analytics where the system identifies all concepts, 
events, and their relationships for the domain of interest.  
• Identifies the events of interest associated with the 

defendant (arrests, diagnoses, treatments, 
prescriptions, drug use, suffering from a mental 
condition); 

• Determines whether the information is obtained from 
medical records or if it is reported by the defendant, 
by a medical professional, or by a third party; 

• Provides full event description including date, 
location, persons involved, treatment provider, 
nature of treatment and medication prescribed; 

• Computes the temporal relationships between the 
various events to build a narrative timeline for a 
defendant. 

4. Neo4j Database: Neo4j is a graph database management 
system and is available as open source software. All 
extracted information from the Knowledge Discovery 
component, as well as the client demographic metadata, 
and structured information on arrest history and federal 
offenses extracted from the presentence reports are 
loaded into the database. 

5. User Interface (UI): This component interacts with the 
Neo4j database and displays results on a Google Earth 
map. The UI allows the user to run queries, to review the 
details on particular defendants, and to see aggregate 
results on the data set. 
 

 
Figure 1: Analytic pipeline for narrative extraction and timeline 

development 

3.2 Content Extraction 
The Content Extraction component parses the PDF presentence 
reports, identifies all subsections and extracts the textual 
content. To analyze the mental health and substance use 
information of defendants, the text content of the Mental and 
Emotional Health (MEH) and Substance Abuse (SA) sections in 
presentence reports are automatically extracted. In addition, 
this step identifies and extracts all federal charges from the 
cover sheet of the PSIR, criminal history information from the 
Juvenile Adjudications and Adult Criminal Convictions sections 
of the report, Arrest Dates and associated charges from the 
Criminal History information, and Criminal History Score and 
Category from the Criminal History Computation section. 
 
The prototype’s Content Extraction component successfully 
extracted information from 92% of the original PDF 
documents, providing us with a data set of 11,243 extracted 
narrative text documents to analyze. Given that some 
defendants have more than one presentence report associated 
with them, the successfully extracted content corresponds to 
10,973 defendants. The free text content extracted from the 
MEH and SA sections amount to 22,486 text items. These can 
range from a few sentences to several paragraphs depending 
on the report. 

3.3 Language Analytics 
The Language Analytics component leverages existing Natural 
Language Processing software to perform various linguistic 
analyses on a piece of text. NLP is a subset of Artificial 
Intelligence (AI) and is fast becoming an essential technology 
in modern-day organizations to gain significant insights from 
unstructured content, such as email communications, social 
media, videos, customer reviews, customer support request, 
and administrative records in business and government. 
Natural Language Processing tools and techniques help to 
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automatically process, analyze, and understand large amounts 
of data, providing structure and meaning to information that 
originally was in unstructured form.  
 
In this step of the analysis, the texts extracted from the Mental 
and Emotional Health and Substance Abuse sections of the 
PSIRs are run through several NLP software tools. The software 
packages currently in use are Apache cTAKES (clinical Text 
Analysis and Knowledge Extraction System), Stanford Named 
Entity Recognizer, and FONS (Framework for Operation NLP 
Services)1.  
 
cTAKES output forms the primary basis for further analytics. It 
was chosen primarily because of its entity recognition 
capabilities in the clinical domain, which aligned with the 
desire to obtain data about PPSO clients’ mental and emotional 
health and substance use. Entities identified by cTAKES include 
medical conditions, drugs/medications, medical procedures, 
and medical symptoms. The entities identified by cTAKES out-
of-the-box were supplemented with additional entities 
frequently encountered by analysts in PSIRs. We worked 
closely with a PPSO subject matter expert to review the list of 
conditions and medications that cTAKES recognized, and 
identify the ones that were of interest in the mental and 
emotional health and substance use domain. The subject 
matter expert also identified a more general superclass for each 
of these specific mental and emotional conditions so that 
further analysis could be conducted at the appropriate level of 
granularity. For example, conditions such as depression, chronic 
depression, and major depressive disorder were all mapped to 
the more general term depressive disorder. 
 
cTAKES also provides domain-independent NLP capabilities of 
syntactic parsing, dependency parsing, and semantic role 
labelling – it can give the base forms of words, their parts of 
speech, mark up the structure of sentences in terms of phrases 
and syntactic relations, detect negation in the sentence and 
identify the role of the entities in a sentence (e.g., agent of 
event). The results of all these capabilities were used to identify 
events of interest in a client’s mental and emotional health and 
substance use history. However, we found it useful to 
supplement the cTAKES output with other natural language 
processing systems to achieve the most accurate analysis. The 
Stanford Named Entity Recognizer was applied to identify 
people, places, organizations, dates, times, and locations, none 
of which are identified by cTAKES. Additionally, the FONS 
system, which also generates entities, syntactic parsing and 
dependency parsing output, was used to supplement cTAKES’ 
output to obtain a higher level of accuracy. In particular, FONS 
was applied to the PSIR text data to tag entities (people, 
facilities, locations, dates and times), and to categorize all 
events into conceptual classes by detecting event types (e.g., 
                                                                        
1 FONS is a software package pipeline leveraging open source tools and was built 
by a research team at MITRE to detect events of interest to national security. 

state, transfer, communication) and different verb meanings 
(e.g., prescribe can either be the verb denoting the prescription 
of medication by a medical professional or a communication 
event meaning ‘to advise’, ‘to recommend’).  

3.4 Domain-Specific Entity and Event 
Identification 

The Knowledge Discovery phase of the analytics involves 
processing the output from the Natural Language Processing 
systems to perform several steps in knowledge discovery in 
natural language text:  
 
1. Identify concepts (entities and events) of interest 

associated with the client, including mentions of a client 
suffering from a mental condition, diagnoses, treatments, 
prescriptions and drug use.  

2. Detect the event description such as the date and location 
when it occurred, the persons involved, the treatment 
provider, the nature of treatment (e.g., inpatient or 
outpatient, anger management, drug rehabilitation) and 
the medication prescribed.  

3. Detect the source of the information – was the information 
reported by the client, was it obtained from medical 
records or a medical professional, or reported by a third 
party?  

 
As described, cTAKES detects these entities of interest in the 
mental and emotional health domain. However, to identify 
whether a client is suffering from a mental condition, it does 
not suffice to simply retrieve sentences with a mental condition 
mention. It is also important to detect the subject of the 
sentence to distinguish cases where a family member is 
mentioned to suffer from a mental condition (e.g., “the 
defendant’s mother suffered from Schizophrenia”), and to 
exclude any negated events (e.g., “the defendant does not suffer 
from a severe mental disease or defect”). Fortunately, when 
cTAKES identifies a concept, it also identifies that sentence’s 
polarity (whether the entity appears in a negated context or 
not), and the event’s subject (whether that event or concept 
should be ascribed to the client described in the text, a family 
member of the client, or someone else). Some modifications to 
the cTAKES source code were made to improve the accuracy of 
these attribute identifications. 
 
While the cTAKES entities can be counted to obtain statistics on 
the prevalence of various mental conditions among the 
defendant population, further processing is necessary to 
identify more complicated events, such as receiving a 
diagnosis, attending treatment, being prescribed medication, 
or using drugs. To identify the events of interest, a small sample 
of PSIRs was reviewed to identify the verbs commonly 
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associated with these events. An iterative process was used in 
reviewing the event detection results and updating the 
predicates for the domain. The verbal predicates associated 
with each type of event are listed in Table 1. 
 

Event Type Predicate 
Diagnosis diagnose 
Prescription prescribe, treat (with) 
Treatment admit, attend, complete, discharge, 

enroll, enter, hospitalize, meet, 
participate, place, receive, see, seek, 
speak, treat, undergo 

Usage abuse, addict, consume, drink, 
experiment, ingest, inhale, relapse, 
smoke, snort, take, try, use 

Table 1: Verbs used to identify events related to mental and 
emotional health and substance use 

 
Once the predicates are identified, the semantic roles 
associated with each occurrence of the predicate are 
automatically extracted to enable the identification of the 
predicate’s agent, affected entity, and whether the predicate 
was negated. The sentence in which the predicate appeared 
was also examined to identify medications, drugs, mental 
conditions, medical procedures, and treatments associated 
with that event.  
 
To detect the source of the information, all sentences with 
Communication events identified by the FONS software 
package were analyzed and the subject of the verbs extracted. 
For example, in “Dr. Gray stated that the defendant has never 
been hospitalized for emotional disorders of any kind”, the 
communication verb stated is detected and its subject, Dr. Gray 
(a medical professional), is identified as the source of the 
information. Similarly, in the example “the defendant’s mother 
also reported he was diagnosed with Bi-Polar Disorder several 
years ago”, the source of information is identified as the 
defendant’s mother (a third party).  
 
If the subject of the communication verb is mentioned as the 
defendant, the system treats it as a self-reported event. In the 
writing style of the presentence reports, mentions of he or she 
tend to refer overwhelmingly to the defendant. Since the 
current version of the analytic system does not include a 
“coreference resolution” component that can accurately 
identify who the pronouns refer to, the assumption is made to 
treat these cases as self-reported events. This can be seen in the 
following example where the events in both sentences are 
automatically labeled as self-reported: “The defendant 
expressed feelings of depression, helplessness, and hopelessness. 
He also admitted to occasional auditory hallucinations.”  
 
If the name of the defendant is mentioned as the subject of the 
communication verb (e.g., “McKenna could not recall being 

prescribed medication to treat his Depression”), an additional 
step is performed to verify the name McKenna against the 
defendant metadata information – if the system finds a match, 
then the information is labeled as self-reported. 
 
Certain automated enhancements had to be made to the 
Communication event detection, however, since the automatic 
classification by FONS included verbs such as stuttered and 
snorted. In order to improve the results, we computed semantic 
vector measures that capture the similarity in usage of verbs 
against canonical Communication events such as reported and 
stated. The verbs that are closest in the context of use within 
the text and thus have closer meaning to the report/state verbs 
produce higher values and are thus more likely to be indicative 
of the source of information. The top verbs identified as 
Communication events are listed in Table 2. 
 

Event Type Predicate 
Communication state, indicate, note, explain, 

report, say, acknowledge, discuss, 
identify, confirm, deny, address, 
agree, communicate, question, 
suggest, tell, describe, claim, 
mention, inform, disclose 

Other formulation according to 
Table 2: Terms used to identify the source of information. 

 
This linguistically rich event-based narrative analysis 
methodology allows the Language Analytics component to 
extract information of interest including the people involved in 
the event, the time it occurred, and the places mentioned. A 
sample analyzed sentence is shown in the following example: 

The defendant<source-of-info> reported 
she<affected-entity/diagnose-event> was 
diagnosed<diagnose-event> at the age of 14<time> 
with depression<mental-condition>, 
schizophrenia<mental-condition> and bi-polar 
disorder<mental-condition> and was not 
prescribed<prescribe-event|NEGATIVE> any 
medication<medication-mention>. 

3.5 Generalized Event Analysis 
While cTAKES proved very useful for identifying events in the 
clinical domain, it is not specifically tuned for identifying more 
general events. Events that are not directly related to 
diagnoses, prescriptions, substance abuse, or treatment may 
still be of interest when analyzing a client’s mental and 
emotional health history. For example, in “He became depressed 
when his infant brother died”, the event of the infant brother’s 
death does not fall into one of the domain-specific event 
categories, but it is still relevant to indicate a trigger or risk 
factor. To try to capture these types of events, a more general 
approach to parsing free text was used, producing an event-
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based analysis for every verb encountered in the Mental and 
Emotional Health and Substance Abuse sections. 
 
As part of the Knowledge Discovery phase, the linguistic output 
from the NLP systems loaded into the Neo4j graph database is 
used as the basis for generating events that do not rely on a 
domain-specific vocabulary. In this framework, events are 
generally identified by the presence of a verb and an event-
based analysis is performed on the sentence. In simple 
sentences, this means that one event corresponds to the entire 
sentence. However, if a sentence contains multiple clauses, 
each clause could potentially represent one event. In the 
sentence “he became depressed when his infant brother died”, 
becoming depressed is one event, and his infant brother died is a 
separate event. The two clauses are linked by the conjunction 
when, which indicates the temporal relationship between them. 
To handle sentences such as these, a list of terms that signify a 
subordinate clause was created and sentences were divided 
into clauses when one of these terms was found. The list of 
terms used is in Table 3 below. These terms are used in further 
analytics to identify temporal or causal relations between 
events. 
 

Relationship Type Clause Marker Terms 
Temporal after, before, during, following, prior 

to, throughout, until, upon, when, 
while 

Causal although, as a result of, because, due 
to, in order to, since 

Other according to, along with, in addition 
to, relating to 

Table 3: Terms signifying the presence of a subordinate clause in 
a sentence. 

 
After all clauses have been identified, an event is generated for 
each clause. If the clause contains a verb, the verb phrase forms 
the basis of the event. If there is no verb phrase in the clause, 
(e.g., in the sentence “while in prison, the defendant used heroin”, 
“while in prison” is a clause without an explicit verb), the 
phrase after the clause marker forms an event description 
which is the basis of the event. Then, information from the 
syntactic parses, dependency parses, semantic roles, and 
named entities are used to identify agents, affected entities, 
indirect objects, locations, and temporal mentions related to 
the basis of the event for a complete narrative analysis. 

3.6 Temporal Reasoning 
Once all relevant events have been extracted from the text of 
the PSIRs, it is possible to make a timeline of the relevant events 
with temporal mentions in a client’s history. To accomplish 
this, we adapted TimeML (Markup Language for Temporal and 
Event Expressions) standards to the narratives generated [6]. 
TimeML is designed to provide a standard way to annotate 

events with a time stamp and place events in chronological 
order; it is thus optimal for the problem of timeline generation.  
In TimeML, events are typically described by verbs, which 
aligns with our approach to narrative generation. In the actual 
TimeML specification, temporal expressions are marked as 
separate entities, falling into the categories of date (for events 
that take place at a specific time, which might be a date, month, 
or year), time (for events that take place at a specific time of 
day), duration (for events that have clear start and end points), 
and set (for periodic events). In our adaptation, we recorded 
the type of temporal expression as an attribute of the event it 
was associated with, and did not use the category of time since 
the specific time of day of various events is not typically 
specified in PSIRs. The category of set was recorded but is not 
currently used for timeline generation. The start date and end 
date of each event are also recorded as additional attributes. 
 
To place events in order, TimeML uses the TLINK tag, which 
records the id’s of two related events and the temporal 
relationship between the two. In this project, temporal 
relationships are marked as an attribute of the event rather 
than a separate entity, and an abbreviated set of seven 
temporal relationships are used, rather than the fourteen 
defined in TimeML. The temporal relationships utilized are 
listed in Table 4. 
 

Relationship Description 
AFTER Event 1 occurs some time after Event 2 
BEFORE Event 1 occurs some time before Event 2 
BEGINS_AT Event 1 occurs immediately after Event 

2 
ENDS_AT Event 1 occurs immediately before 

Event 2 
INCLUDES Event 1 starts before and ends after 

Event 2 
IS_INCLUDED Event 1 starts after and ends before 

Event 2 
SIMULTANEOUS  Event 1 and Event 2 start and end at the 

same time 
Table 4: Temporal relationships used for timeline generation. 

 
Determining the values of the temporal type, start time, end 
time, and temporal relationships for the generated events is a 
three-step process. In the first pass through the events, any 
temporal mentions associated with each event were parsed 
with regular expressions and used to set the event’s type, start 
date, and end date. Next, temporal relationships were 
identified by examining events to see if they contained any of 
the subordinate clause markers listed in Table 5. Rules were 
then applied to relate two events connected by a subordinate 
clause marker. One final pass through the events was used to 
set any additional start and end dates that could be inferred 
after the temporal relationship was determined.  
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We can follow this entire process on the sentence “He began 
smoking marijuana at the age of 16 until his arrest in 2014”, 
which contains the events he began smoking marijuana and his 
arrest in 2014. The first step after the identification of the two 
clauses is to identify the presence of the temporal expressions 
in each clause – at the age of 16 in the smoking event (EV1) and 
in 2014 in the arrest event (EV2). In EV1, the start time can be 
obtained from the defendant’s date of birth in the profile 
information available in the database. In EV2, the Knowledge 
Discovery component establishes that the temporal expression 
is of type date, with a start and end time set to span the whole 
year as shown in Table 5, since the time is not more clearly 
specified than that. The second step will identify the 
subordinate clause marker until, and follow a rule that 
establishes that the smoking marijuana event ended at his 
arrest in 2014. The final step will use the presence of the 
ENDS_AT relationship to set the end time of he began smoking 
marijuana to the start time of his arrest in 2014. The final event 
analysis associated with a temporal range is then used to build 
a timeline and visualize on the web-based interface. 
 

Clause/Event 
detection 

[He began smoking marijuana]clause1/EV1  
until <clause-marker> 
[his arrest in 2014] clause2/EV2 

Step 1: Detect 
temporal 
expressions when 
available 

EV1: <type: “date”, startAt: {year: ‘1992’, 
month: ‘6’, day: ‘12’}, endAt: None> 
EV2: <type: “date”, startAt: {year: ‘2014’, 
month: ‘1’, day: ‘1’}, 
endAt: {year: ‘2015’, month: ‘1’, day: ‘1’}> 

Step 2: Establish 
temporal relation 
between events 

id: “EV1”,  
relType: “ENDS_AT EV2” 

Step 3: Temporal 
reasoning to set 
temporal 
expression 

EV1: <type: “date”, startAt: {year: ‘1992’, 
month: ‘6’, day: ‘12’}, 
endAt: {year: ‘2014’, month: ‘1’, day: ‘1’}>  
EV2: <type: “date”, startAt: {year: ‘2014’, 
month: ‘1’, day: ‘1’}, 
endAt: {year: ‘2015’, month: ‘1’, day: ‘1’}> 

Table 5: Temporal reasoning process in Knowledge Discovery 
phase. 

4 Graph-Based Representation 
 
The main motivation for using a graph database to store the 
parse output is that syntactic parse outputs are often modeled 
in linguistic theory in the form of trees (a graph in which each 
node has a single parent) and dependency parses capture the 
semantic relationship associated with two nodes, so storing the 
parse outputs as a graph allows to use Neo4j API (Application 
Programming Interface) and CQL (Cypher Query Language) to 
directly access these grammatical relationships and handle the 
recursion inherent in language. Additionally, once the natural 
language parsing outputs are stored in graph format, it is easy 
to align and merge the outputs from the different NLP systems 
being used. Finally, Neo4j provides a visualization of the graph 

for linguists and developers that assists in understanding the 
structure of the language.  

 
Once the output from the NLP systems is stored in the database, 
we apply several enhancements to the raw system output to 
improve the parses’ accuracy and generalizability. These 
enhancements include labelling all nodes with a more coarse-
grained part-of-speech tag, grouping together multi-word verb 
phrases into a single entity (e.g. merging the nodes for the 
terms in the phrase has been attending into a single node attend 
with appropriate tense and aspect information), and combining 
coordinated phrases with conjunctions into a single entity (e.g. 
merging the nodes for the terms in the phrase mental and 
emotional into a single node to facilitate further analysis). 
 
The User Interface interacts with the Neo4j database to access 
all content and narrative analytics output and displays the 
results on a Cesium Server. The web-based interface allows the 
user to run queries of interest, filter based on the defendant’s 
profile information, and view the retrieved information on a 
spatial map of judicial districts or States.  
 
The UI displays an aggregate report of the data for the provided 
query as shown in Figure 2. This display can be further filtered 
based on the mental conditions, medications and substances of 
interest, as well as the defendant’s demographic information 
and criminal category.  
 

 
Figure 2: Narrative analytics results viewed by judicial district. 

  
The user can then select to view the identified defendants on a 
map to the level of street detail. The user may also select to 
view a particular client’s information in more detail, such as 
mental conditions reported, and see associated text from the 
Presentence Investigation Report with relevant sections 
highlighted. In addition, the data are used to visualize a 
timeline of the defendant’s life events including arrests, 
diagnoses, substance use, and treatments. 
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5 Results of Analytics 
 
The programmatically important questions of interest to PPSO 
that are addressed in the current prototype are (i) determining 
how many defendants sentenced had a mental health 
condition; (ii) the types of conditions present; (iii) the source 
of the diagnosis; (iv) prior treatment exposure; and reporting 
of that information by demographic, offense and prior criminal 
history information. 
 
To identify the number of defendants with a mental illness, the 
system extracts all the client cases where a mental illness was 
mentioned as attributed to the defendant (whether officially 
diagnosed or not). It was found that 3,959 defendants in the 
data set (about 36% of the studied population) had a history of 
one or more mental conditions. If Substance Use Disorder is 
included as a mental health condition, that number increases to 
58%. Figure 3 provides the heuristics for the mental health 
conditions mentioned in the Mental and Emotional Health 
sections of presentence reports studied. However, the total 
number of defendants who have officially been diagnosed with 
a mental condition is 2,238 (20% of the studied population). In 
addition, 82% of the defendants had a history of substance use 
(mainly Marijuana and alcohol), and 53% of cases had a prior 
criminal record cited. Most common prescriptions are Prozac, 
Ritalin, Seroquel and Xanax, and top substances include 
Marijuana, Alcohol, Cocaine, Methamphetamine and Heroin. 
 

 
Figure 3: Mental health conditions associated with about 11,000 

defendants. 
 
As described earlier, the analytic prototype identifies the source 
of information for each detected event of interest. There are 
five distinct categories for the source: (i) self (client self-
report), (ii) medical professional, (iii) medical records, (iv) 
report (official non-medical records, including evaluations and 
assessments), and (v) third party (third party corroboration 
such as a family member, defense counsel, probation agent, or 
pretrial services agency). In the presentence reports studied, the 
majority of the events (about 89% of all events found) are self-
reported.  

 
The full set of results in response to the PPSO business questions 
is shown in Table 6. 
 

 
Table 6: Automatically obtained responses to the PPSO business 

questions on defendants' mental health and substance use 
history. 

 
System performance was evaluated by creating a small 
reference sample of about 500 sentences to measure the 
accuracy of the information extracted for each event type. The 
500 sentences were manually annotated by team members 
indicating the expected mental conditions, event types 
(diagnosis, treatment, prescription, usage), and medications. 
The annotations also included important event-related 
information such as the agent (prescriber, diagnoser), polarity 
(whether the event is negated or not), and the temporal 
expression associated with the event. The language analytics 
results were then compared to the pre-annotated reference set 
to measure how many of the detected elements were accurate 
and to also calculate how many of the expected elements were 
not picked up by the system. 

 

 
Figure 4: Correlation analysis shows defendants' onset of 

substance use. The x-axis represents the defendant’s age and the 
y-axis is the number of times the onset of substance consumption 

is found in the text. 
 
We also explored the aggregated national and district data for 
potential correlations and analyses across defendants. Figure 4 
illustrates one such analysis, which shows the onset of 
substance use among the defendants studied. This examination 
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automatically detects any mentions of the age of the defendants 
in the Substance Abuse texts and identifies any sentences that 
refer to the onset of using a drug or alcohol by the defendant. 
For instance, a sentence such as “he began using cocaine at age 
17”, is labeled as an “inception predicate” and associated with 
the age of the defendant (i.e., 17). The results show that the 
onset of substance use among defendants starts at age 10, with 
a steady increase to age 16 and peaks at age 18. 
 
This analysis is only one example of the types of aggregated 
correlations and computations that are available after the full 
language analytics have been performed on the data. Other 
correlations explored include automatically detecting 
instances of co-morbidity to understand which mental 
conditions tend to co-occur most often among the population, 
automatic detection of defendants with previous suicide 
attempts or history of suicidal ideation, and identification of 
events that may trigger mental health issues (e.g., death of a 
family member, history of sexual or domestic abuse, fatal 
medical diagnosis, divorce).  

6 Application to Risk Assessment 
 
Analysts working in the Probation and Pretrial Services domain 
leverage a variety of data-driven instruments to measure 
trends, train officers, and assess the recidivism risk in 
individual clients.  At a high level, these efforts are typically 
described in terms of the popular Risk, Needs, and Responsivity 
model, which dictates that effective offender supervision ought 
to allocate more treatment resources to high-risk clients, that 
treatment should target specific criminogenic needs in the 
client’s case, and that officers should apply cognitive-
behavioral techniques to respond to the details of a client’s 
particular situation [7, 8].  In recent years there has been a 
trend toward using data-driven approaches for the first step, 
and actuarial risk assessment instruments such as “Levels of 
Service” surveys [9] and the federally developed Post-
Conviction Risk Assessment (PCRA) [10] have played an 
increasingly important role in the allocation of treatment 
resources.  These tools are typically based on survey questions 
that must be administered and recorded by the officer, which 
then serve as inputs to traditional statistical modeling 
techniques (ex. linear regression). Such tools are time-
consuming to use, and they offer only a limited, static snapshot 
of the specific criminogenic needs that are present in a client’s 
case.  Risk/needs assessment is an active area of research, and 
efforts are ongoing to identify next generation tools that can 
offer improved data-driven methods that can help support 
probation officer responses during their regular interactions 
with clients. Leveraging the wealth of unstructured 
information that is present in the existing documentation that 
is available in probation case tracking systems is one promising 
approach to solving this problem. 

Any application of AI or data analysis to officer decision-
making can end up having a significant impact on the 
population under supervision, and so it is important to be 
aware of the various ethical concerns that surround the 
application of data analysis software to social issues [11].  Such 
concerns include the need for general algorithmic 
accountability [12], the need for assurance that algorithms that 
are used for such important tasks as recidivism prediction do 
not exhibit unacceptable biases [13], the need for judicial 
review of algorithm-assisted decision-making (where such 
review may be called for), and more practically, the need to 
inspire trust in users, who tend to be unwilling to rely on 
algorithms whose inner workings are poorly understood.  
Some of these issues are of greater concern than others in a 
probation domain.  Judicial review, for example, is a legal 
necessity when algorithms directly impact a judge’s decisions, 
but risk/needs assessments for offenders who are on 
supervised release are not normally referred to in judicial 
decision-making.   
 
In this work, we focus on the foundational question of 
extracting information from unstructured text that can inform 
the decisions of officers and analysts working within the 
federal probation system. We defer questions about automated 
risk assessment, and the fairness thereof, to future research.  
The current work focuses instead on extracting and arranging 
raw facts from various sources in a visualization that a human 
can use to support their professional judgement in a particular 
case and that an officer can potentially leverage in detecting 
patterns that had previously been unavailable. 

7 Future Directions 
 
The paper describes a successful approach to the automatic 
extraction and analysis of narrative text in the mental health 
and substance use domain. The approach has since been 
applied to other domains such as employment history and 
financial history. The results provide evidence that the use of 
technology in identifying important information in free 
narrative text in administrative records is feasible and cost-
effective, and any adaptations to new domains can be 
accelerated through probabilistic methods. These analytics can 
be further developed in various directions, depending on the 
mission needs of the organization. This section provides some 
directions to pursue. 
 
The current results of the analytics can further be improved 
upon by annotating more data and performing a larger-scale 
evaluation and refinement cycle. Although event extraction 
accuracy ranged in the 90-percentile, an evaluation conducted 
on a larger data set will provide better accuracy measures and 
can identify low frequency events that may have been missed 
in the current version of the analytics. Further work can also be 
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performed on negation and argument detection to achieve 
higher precision. In addition, the analytics results have not yet 
been fully validated by a subject matter expert to ensure that 
the data identified and the way the results are presented are 
valuable for the PPSO officer or mental health analyst. 
 
Building a timeline of a defendant’s life events from narrative 
text is a very complex task and the topic of much current 
research in the field of NLP. We successfully identified the 
temporal expressions associated with events and introduced a 
temporal reasoning component which is tightly integrated into 
the system’s syntactic parse and semantic relations output. Yet, 
identifying the temporal relations between events is not an 
easy task and oftentimes, the system needs to infer a 
relationship that is not overtly mentioned in the sentence. 
Building a hybrid method combining knowledge-based 
linguistic analysis with a statistical machine learning approach 
will provide more robust temporal relationship analyses. 
 
One of the issues that were left unaddressed in the current 
version of the analytics was the distinction between events 
(e.g., diagnoses, treatments) that occurred in the past and those 
that are currently valid. This can be accomplished by leveraging 
the tense and aspect information that the system computes and 
adding a filter on the UI to allow the user to view only events 
that are current. 
 
Building a complete timeline of a defendant’s life events will 
provide the important information at the individual level for 
PPSO officers to view and analyze, helping them identify 
precursor events and triggering factors. For instance, in 
addition to the mental health and substance use information, 
the personal history of the defendant (e.g., whether he or she 
graduated high school, history of domestic violence or neglect), 
existence of dependents (e.g., number of dependents and their 
age, learning issues, custodian), family relations (e.g., siblings 
and whether they have a criminal or substance abuse history), 
employment status, gang or terrorism activity, etc. are all 
important information elements that could shed light on the 
defendant’s situation and allow probation officers to provide 
more efficient supervision and intervention measures to 
reduce recidivism. This requires fusing all events and 
information extracted from presentence documents onto a 
single timeline to view and analyze.  
 
An important goal for analytics research is to leverage the large 
amount of data from diverse sources available to the probation 
office—including treatment reports, Chrono notes, social 
media, structured metadata, risk assessments, and court 
documents—to obtain a more complete picture of the 
defendant’s history, conduct and status. The data analytics 
methods will be applied to these data sources and all results 
combined into a unified database available for query and 
analysis. Building on a multi-source analysis, the system can 

begin identifying precursor events to criminal activity or 
noncompliance, or detecting triggers for mental health issues 
or substance use relapses, and leverage that information to 
build a predictive model to forecast potential risk and generate 
automatic alerts. Such an alerting system can help direct an 
officer’s attention to elements of a client’s case history that 
indicate a special cause for concern.  
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