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Abstract

Regulatory agencies often operate with limited
resources and rely on tips from the public to
identify potential violations. However, process-
ing these tips at scale presents significant oper-
ational challenges, as agencies must correctly
identify and route relevant tips to the appro-
priate enforcement divisions. Through a case
study, we demonstrate how advances in large
language models can be utilized to support over-
burdened agencies with limited capacities. In
partnership with the U.S. Environmental Protec-
tion Agency, we leverage previously unstudied
citizen tips data from their “Report a Violation”
system to develop an LLM-assisted pipeline
for tip routing. Our approach filters out 80.5%
of irrelevant tips and increases overall routing
accuracy from 31.8% to 82.4% compared to the
current routing system. At a time of increased
focus on government efficiencies, our approach
provides a constructive path forward by using
technology to empower civil servants.

1 Introduction

Regulatory agencies guard society against threats
to public health and safety. With limited enforce-
ment resources, they often rely on tips from the
public to identify on-the-ground regulatory viola-
tions. However, the volume of tips these agencies
receive imposes a significant administrative burden.

The U.S. Environmental Protection Agency
(EPA), for instance, receives thousands of citizen
tips annually. Any incoming tip is routed heuristi-
cally, based on submitter inputs to structured fields
regarding violation characteristics, to either the
Civil or Criminal Division, the latter of which han-
dles serious environmental crimes and intentional
violations. In practice, this heuristic routing cre-
ates substantial inefficiencies by failing to filter
out tips not falling under the EPA’s jurisdiction
and by frequently misrouting civil matters to the
Criminal Division, resulting in wasted effort on

irrelevant tips, delayed civil enforcement actions,
and diverted Criminal Division resources from in-
vestigating serious environmental crimes. Despite
its limitations, the tipline generates roughly a thou-
sand open criminal leads every year.

At a time of heightened focus on government ef-
ficiencies, we provide a constructive path forward
by demonstrating how advances in large language
models (LLMs) can streamline tip routing within
regulatory agencies and empower civil servants.
Building on our long-term collaboration with the
EPA1, we analyze thousands of previously unstud-
ied citizen tips from the agency’s tipline system.
Leveraging agency feedback, we develop a two-
stage LLM-assisted classification pipeline that first
excludes tips outside the agency’s scope and then
routes relevant ones to the appropriate division. We
show that this approach automatically filters 80.5%
of non-actionable tips and increases overall routing
accuracy from 31.8% to 82.4%, in turn reducing
unnecessary workload and re-routing.

2 Related Work

Effective regulatory enforcement requires not only
well-defined legal frameworks but also institutional
capacity to detect and respond to violations. Agen-
cies often struggle to monitor compliance at scale
due to resource constraints, oversight, and frag-
mented authority (Stephenson, 2006; Biber, 2009;
Shimshack, 2014; Short, 2021). This is especially
acute in environmental regulation, where most vi-
olations go undetected and disproportionately af-
fect vulnerable communities (Gray and Shimshack,

*Equal contribution.
1This research was conducted through a Cooperative Re-

search and Development Agreement (CRADA) with the U.S.
Environmental Protection Agency (EPA). This data was pro-
vided by and belongs to the EPA. Any further use of this data
must be approved by the EPA. Points of view or opinions
contained within this document are those of the author and do
not necessarily represent the official position or policies of the
United States Environmental Protection Agency.
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2011). In the absence of sufficient monitoring ca-
pacity, citizen tips offer a vital channel for sur-
facing potential violations and extending the reg-
ulatory reach of under-resourced agencies (Yadin,
2023). Tips can reveal unknown issues, support en-
forcement with documentation, and enable public
participation (Maniloff and Kaffine, 2021), but may
also concern irrelevant matters that waste review
time (Friel, 1999). A public tipline’s efficacy de-
pends on the agency’s ability to adequately screen
and triage incoming tips.

Regulatory agencies face substantial burdens in
handling the volume of public submissions. For ex-
ample, the U.S. Consumer Financial Protection Bu-
reau has received over 1.5 million complaints since
2011, and the U.S. Securities and Exchange Com-
mission processes more than 40,000 tips annually
(Engstrom et al., 2020; Duara, 2022). Large-scale
public input can strain limited staff resources, lead-
ing to delays and missed violations. When citizens
feel their reports are ignored, trust and engagement
suffer, potentially triggering a cycle of participatory
fatigue that undermines both oversight and public
accountability (Fung, 2015).

To address routing bottlenecks, agencies have be-
gun exploring using machine learning (ML) meth-
ods to categorize and prioritize citizen tips (Mady-
atmadja et al., 2023; Engstrom et al., 2020; Heil-
weil, 2024). Yet, despite growing interest, there is
limited empirical research on LLM-assisted triage
using real-world regulatory data. One exception
is the use of a fine-tuned BERT model to improve
the routing of public service complaints in Por-
tugal (Caldeira et al., 2022). Extending beyond
that study’s technical considerations, our approach
was developed in collaboration with the EPA and
informed by interviews with agency desk offi-
cers, allowing us to design a classification pipeline
that aligns with existing workflows and reflects
the agency’s operational priorities and decision-
making patterns.

3 Institutional Background

The “Report a Violation” system, which receives
thousands of annual submissions, is the EPA’s pub-
lic tipline for environmental violations (U.S. En-
vironmental Protection Agency, 2024a). Approxi-
mately 8% of currently open criminal dockets orig-
inated from the tipline, including a case that re-
sulted in a $100,000 fine for a New Jersey biodiesel
company, signifying the role of tips in surfacing

Routing Tip Text
Criminal
Division

Intentionally dumps automotive fluids including fuel,
coolant, and hydraulic fluid in the creek on the east side
of the building. The grass is dead and there is evidence of
harmful fluids to wildlife.

Civil
Division

Hydraulic fluid spill in the parking lot and into the storm
water drain. Drum of slate fuel near outside smoking area.

Irrelevant
to EPA

Major generator under constant use, creating noise distur-
bance to the community[.] Fumes are emitted 24 hours a
day, preventing neighbors from sleeping.

Table 1: Example tips submitted to the EPA tipline.

Figure 1: Diagram of EPA’s internal tip routing. We re-
place the heuristic step with an LLM-assisted approach.

actionable leads (Donnelly, 2018). Each tip con-
tains structured fields (e.g., violation method, in-
tent, involved parties) and a free-text field where
the submitter can describe the issue (see Table 1).

Once submitted, tips are routed to either the
Civil or Criminal Division for desk review, based
solely on structured form fields. Tips marked by
the submitter as “intentional” violations or as con-
taining certain high-risk characteristics are routed
to the Criminal Division, while all others go to
the Civil Division. Desk review officers verify
each tip’s proper classification by examining free-
text descriptions for contextual factors like envi-
ronmental impacts and culpability evidence that
structured fields may not capture. Irrelevant tips
are discarded, misclassified tips are re-routed, and
correctly routed tips advance on to enforcement,
i.e., Criminal Division tips are referred to an EPA
Field Agent for in-depth investigation (see Figure
1). According to a time-use survey we conducted
with desk officers, on an average day, officers spend
over an hour removing irrelevant tips and two hours
re-routing and processing relevant tips.

The existing heuristic step has two major limita-
tions: It fails to filter out irrelevant tips that fall out-
side EPA jurisdiction; it also frequently misroutes
civil matters to the Criminal Division, diverting
time from critical investigations which require sub-
stantially more personnel (i.e., desk officers often
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serve dual roles as field agents), evidence building,
and prosecutor coordination (U.S. Environmental
Protection Agency, 2024b, 2025).

4 Methodology

Our data comes from three tipline datasets provided
by the EPA: 1,371 unique tips labeled as irrelevant
(2023-2024), 12,958 unique tips ultimately rele-
vant to the Civil Division (2018-2023), and 4,780
unique tips ultimately relevant to the Criminal Di-
vision (2018-2023), totaling 19,109 tips in multiple
languages.

Our two-stage pipeline addresses both heuristic
limitations sequentially: First, a relevance model
filters tips that do not pertain to the EPA; second, a
triage model routes the remaining tips to either the
Civil or Criminal Division for desk review. Using a
70/10/20 split, we train the models on the free-text
portion of submissions. The relevance model trains
on the entire training set, while the triage model
trains only on tips desk officers labeled as relevant.

Both the relevance and triage models use Mistral-
7B, chosen for its effectiveness on domain-specific
tasks (Jiang et al., 2023; Arbel et al., 2024; Bolton
et al., 2024), fine-tuned with LoRA adapters. Both
models perform binary classification (i.e., relevant
or irrelevant, Criminal or Civil Division), com-
pute confidence scores from the first generated
token, and use F1-optimized thresholds that can
be individually adjusted based on EPA priorities.
To further evaluate our triage model, we compare
the Mistral model against five alternative models:
TF-IDF+SVM as a traditional statistical approach
for short texts (Tong and Koller, 2001), Distil-
BERT (67M parameters) as an efficient transformer
model, RoBERTa (125M parameters) as a strong
pre-trained language model, Llama-3.1-8B as a
state-of-the-art open-source foundation model, and
Qwen-2.5-7B as a competitive multilingual lan-
guage model (Liu et al., 2019; Sanh et al., 2020;
Grattafiori et al., 2024; Yang et al., 2025). We use
5-fold cross-validation where each fold indepen-
dently optimizes thresholds on validation data and
evaluates on held-out test data. Within each fold,
the relevance model trains on the entire training
portion, while the triage model trains only on tips
desk officers labeled as relevant. To test our mod-
els against a more realistic distribution of tip types,
we normalize each dataset to annual rates, assum-
ing each is comprehensive for its time period. Our
re-weighted test set reflects approximately 1,645

Selection
Depth (%) Threshold F1

Score
Accuracy

(%)
Precision

(%)
FPR
(%)

FNR
(%)

80.0 ± 1.0 0.19 0.920 ± 0.006 88.1 ± 0.9 85.5 ± 1.0 37.1 ± 3.2 0.4 ± 0.1
76.9 ± 1.9 0.53 0.933 ± 0.009 90.3 ± 1.5 88.4 ± 1.9 28.6 ± 5.3 1.1 ± 0.3
75.0 ± 2.5 0.73 0.939 ± 0.011 91.3 ± 1.7 90.0 ± 2.5 24.0 ± 6.7 1.8 ± 0.6
72.8 ± 2.5 0.86 0.943 ± 0.004 91.9 ± 0.6 91.6 ± 1.8 19.5 ± 4.6 2.8 ± 1.3
71.0 ± 2.9 0.93 0.939 ± 0.005 91.4 ± 0.7 92.4 ± 1.9 17.4 ± 5.0 4.5 ± 2.0
60.5 ± 7.1 0.99 0.894 ± 0.039 86.6 ± 4.2 95.9 ± 2.0 8.4 ± 4.7 15.7 ± 8.2

Table 2: Performance of Mistral relevance model, by
threshold. Selection depth is the proportion of all incom-
ing tips predicted as relevant. All metrics use relevant
tips as the positive class. All metrics represent cross-
validated results with confidence intervals

Model Threshold F1
Score

Accuracy
(%)

Precision
(%)

FPR
(%)

FNR
(%)

Mistral-7B 0.335 ± 0.065 0.758 ± 0.005 85.7 ± 0.2 73.7 ± 1.6 11.2 ± 1.3 21.9 ± 2.4
TF-IDF+SVM 0.322 ± 0.024 0.667 ± 0.008 79.0 ± 0.5 61.0 ± 1.4 18.9 ± 1.5 26.4 ± 3.0
DistilBERT 0.321 ± 0.042 0.715 ± 0.009 82.5 ± 0.7 66.8 ± 1.5 15.3 ± 1.0 23.1 ± 0.8
RoBERTa 0.368 ± 0.083 0.742 ± 0.015 84.6 ± 1.0 71.3 ± 2.5 12.6 ± 2.2 22.3 ± 4.0
LLama-3.1-8B 0.372 ± 0.118 0.759 ± 0.014 85.8 ± 1.2 74.1 ± 3.6 11.0 ± 2.3 22.1 ± 2.7
Qwen2.5-7B 0.393 ± 0.092 0.746 ± 0.004 84.6 ± 0.4 70.5 ± 1.8 13.4 ± 1.6 20.5 ± 2.6

Table 3: Performance of triage model, by model. All
metrics use Criminal Division as the positive class. All
metrics represent cross-validated results with confidence
intervals.

(31.4%), 2,592 (49.4%), and 1,006 (19.2%) submit-
ted tips per year for irrelevant, civil, and criminal
matters, respectively. Reported metrics represent
means ± standard deviations across the 5 folds. 2

5 Results

Our Mistral relevance model using F1-optimal
thresholds achieves 91.9% accuracy, and we
achieve 97.2% recall for relevant tips, ensuring
nearly all matters requiring the EPA’s attention are
captured. Table 2 situates the F1-optimal threshold
among alternatives which may be deemed more ap-
propriate by the EPA given the actual asymmetric
costs of missing relevant tips in practice. Using our
optimal threshold, the EPA would have to review
321 irrelevant tips per year (20.8% of all irrelevant
tips) and would miss 101 relevant tips per year
(2.8% of all relevant tips). Alternatively, if missing
a relevant tip were considered 20 times as costly
as processing an irrelevant tip, then a threshold of
0.14 would minimize overall cost, only filtering
out 8 relevant tips per year (0.2% of all relevant
tips) while processing 632 irrelevant tips per year
(38.4% of all irrelevant tips), reducing the total tip
review workload by 19.5%. 3

2In total, we spent eight hours for training and two hours
for inference with one NVIDIA A100 GPU.

3We also tested model performance across different train-
ing data fractions (25%, 50%, 75%, 100%) and found that
the relevance model achieved consistently high performance
regardless of training set size, while the triage model showed
substantial improvement from 25% to 50% training data with
diminishing returns thereafter. Full ablation results and cross-
validation analysis can be found in Table 5 in the Appendix.
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Figure 2: Flow of tips through our LLM-assisted pipeline, compared to the existing heuristic-based pipeline.

Table 3 presents the performance of our triage
models on Civil versus Criminal Division classifi-
cation, excluding irrelevant tips that incorrectly
passed the relevance filter. The Mistral-7B ap-
proach achieves the highest F1 score of 0.76 at a
threshold of 0.34. While Llama-3.1-8B minimizes
civil matters incorrectly sent to Criminal Division,
Mistral still maintains comparable performance in
this regard. We chose Mistral over Llama because
of its superior probability calibration and more re-
liable confidence distributions, which are critical
for threshold-based decision-making in operational
deployment.

Figure 2 illustrates our complete two-step classi-
fication workflow with F1-optimal thresholds. Note
that these pipeline evaluation metrics capture er-
rors from both stages: relevant tips wrongly filtered
and irrelevant tips wrongly routed. 4 The existing
heuristic approach routes 83.9% of all tips to the
Criminal Division despite only 19.2% of all tips
being genuine criminal matters. This creates a dis-
proportionate burden on Criminal Division desk of-
ficers who must review and re-route 77.5% of their
assigned tips. In contrast, our pipeline increases
Criminal Division routing precision from 22.5% to
70.5%, significantly reducing the amount of time
Criminal Division desk officers spend on irrelevant
or civil matters. The number of civil matters that
Criminal Division desk officers must re-route de-
creases dramatically from approximately 1,914 to
just 298 per year, representing an 84.4% reduction.

4The full metrics for the pipeline evaluation can be found
in Table 6 in the Appendix

While Criminal Division routing recall (i.e., the pro-
portion of actual criminal matters correctly routed
on the first pass) decreases from 98.5% to 79.2%,
the overall Criminal Division workload is reduced
by 74.2%, from 4,399 to 1,132 tips per year.

Simultaneously, the Civil Division benefits from
more accurate initial routing, with correctly routed
civil matters rising dramatically from 26.1% to
84.9%. Our system maintains strong Civil Division
routing precision despite processing over triple the
tips at the outset (2,684 compared to 842 per year),
instead of after delayed re-routing. Furthermore,
our relevance model successfully filters 80.5% of
irrelevant tips that would otherwise consume valu-
able staff time. Overall, our pipeline increases the
end-to-end routing accuracy from 31.8% to 82.4%,
effectively addressing both limitations of the cur-
rent system: irrelevant tips are filtered before reach-
ing either division, and the remaining tips are more
accurately routed, significantly reducing the effort
spent on irrelevant and misrouted tips.

These precision and efficiency gains come with
trade-offs that warrant consideration. Our LLM-
assisted system’s recall for criminal matters falls
below the heuristic system’s 98.5% recall, as 19.9%
of criminal matters are incorrectly routed to the
Civil Division, delaying response to potentially se-
rious violations. However, by lowering the triage
threshold to match the heuristic system’s 98.5% re-
call, our pipeline would still achieve almost double
its precision (41.7% compared to 22.5%). Notably,
only a small proportion of tips ultimately result in
prosecution, given the extensive process beyond
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Routing Tip Text
Criminal
Division

Selling programs on how to increase torque and horsepower
by intentionally altering ECMs/PCMs, oxygen sensors, and
as an outcome all altered vechicles are not EPA compliant

Civil
Division

RV park owner has openly refused to obey regulatory laws
regarding protecting watershed by allowing dirt and debris
into the small waterway that passes through the property.
Heavy equipment has leaked diesel fuel onto thee ground
within 20 feet of the waterway. there is still a stain on the
gravel where the fuel leaked. There is no visible posted
permit anywhere to be seen on or around this site

Table 4: Examples of interpreting triaging predictions
with feature ablation. Features attributed as supporting
criminal investigations are colored in red, and those
supporting civil investigations are colored in green.

initial intake. Additionally, our relevance filter in-
correctly discards 1.0% of criminal matters and
3.6% of civil matters as irrelevant before reaching
any desk officer. Although missing relevant tips
may have serious costs, these may be outweighed
by the substantial reduction in processing irrelevant
tips. Finally, while the Civil Division experiences
an increased workload, they benefit from seeing
fewer irrelevant tips and receiving more civil mat-
ters immediately, without the delay of re-routing.

6 Qualitative Analyses

To better understand our models’ decision-making
patterns and validate their practical utility, we con-
ducted two detailed qualitative analyses. We first
used feature attribution to understand how the clas-
sification results can be attributed to the input tips.
We also manually reviewed classification errors, ex-
amining legitimate tips incorrectly filtered as irrele-
vant, irrelevant tips incorrectly retained for review,
and tips misrouted between divisions.

Attribution analyses. We conduct attribution anal-
yses with Captum by Kokhlikyan et al. Specifi-
cally, we visualize how each word in a given tip
contributes to the model’s relevance or triage pre-
dictions through feature ablation and integrated
gradients (Sundararajan et al., 2017; Miglani et al.,
2023). As shown in Table 4, attribution methods re-
veal how words can push the model to route a tip to
the criminal division or label it as less urgent. After
reviewing feature attribution for the triage model’s
100 randomly selected classification results, we
find the model capable of leveraging words that
suggest the allegation’s severity and criminality in
line with the EPA guideline for tip routing.

Classification error review. We find that the rele-
vance model very rarely misclassifies tips involving

serious environmental violations. Of all 159 tips
incorrectly filtered at the relevance stage, only 13
were legitimate Criminal Division matters, includ-
ing whistleblower complaints and corruption cases.
The majority of incorrectly filtered Civil Division
tips consisted of conspiracy theories, incoherent
submissions, and complaints outside EPA jurisdic-
tion, including chemtrail theories and neighborly
disputes. Although labeled as Civil Division mat-
ters in our ground truth data, the model does not ap-
pear to be missing serious Civil violations. Among
the 12 seemingly actionable tips from 146 incor-
rectly filtered Civil cases, most concerned chemical
spraying on properties and contamination spills.

In analyzing 100 randomly selected triage errors,
we found that criminal tips misclassified as civil
often lacked clear signals of intentionality, while
civil tips mistaken for criminal typically included
explicit references to deliberate dumping or repeat
violations. Because all tips passing the relevance
filter are reviewed by desk officers, triage errors
result in re-routing rather than missed violations.
The concentration of errors near decision thresh-
olds offers operational flexibility: agencies can
adjust thresholds to balance false negatives against
workload, reducing re-routings under capacity con-
straints. Relative to the heuristic system, our ap-
proach yields far fewer re-routings while allowing
greater flexibility for tuning.

7 Discussion

By implementing a two-stage relevance and triage
model pipeline, we filter out most irrelevant tips,
increase Criminal Division desk officer efficiency,
and improve overall routing accuracy from 31.8%
to 82.4%, significantly reducing the unnecessary
re-routing of the current heuristic approach.

Our work contributes to the emerging field of
algorithmic governance, and the broader responsi-
ble ML research community, by demonstrating a
real-world implementation that provides substan-
tial efficiency gains while preserving the regula-
tory workflow structure of a consequential federal
agency. As agencies face increasing volumes of
public input with constrained resources, this ap-
proach offers a pathway for scaling capacity with-
out sacrificing quality. By improving tip process-
ing efficiency, LLM-based systems can help ensure
citizen reports receive appropriate attention, poten-
tially strengthening public trust while preserving
meaningful public participation.
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8 Limitations

Our study has several important limitations that
inform both the interpretation of our results and
future work in this area.

(1) Misclassification costs. While we demon-
strate a promising application of LLMs to regu-
latory triage, future work would benefit from a
field trial component to better measure the asym-
metric costs associated with different error types,
given the substantial existing workloads of agency
staff. In regulatory contexts, misclassification costs
are rarely symmetric – failing to identify a serious
environmental violation likely carries greater so-
cial cost than unnecessarily reviewing an irrelevant
tip, and different error types carry different time
costs. We tested multiple hyperparameter configu-
rations and chose the option that gives agencies the
most flexibility in choosing thresholds that reflect
their perceived asymmetric costs. We also cannot
quantify the potential acceleration in processing
timelines for civil matters that our system would
enable by routing them directly to the Civil Di-
vision without delays from unnecessary Criminal
Division desk review. Without direct quantifica-
tion of these tradeoffs, our optimization metrics
may not perfectly align with the agency’s implicit
utility function. However, as we’ve underscored
previously, our pipeline is designed to be inherently
flexible for agencies to tailor to their own cost cal-
culus (i.e., by simply selecting different thresholds),
and to their evolving priorities over time. Future
work would benefit from incorporation of new data
sources to establish baseline processing times for
different tip categories and error types and collabo-
ration with regulatory staff to calibrate error penal-
ties that better reflect the agency’s enforcement
priorities

(2) Explainability. One limitation of our ap-
proach is the lack of interpretability inherent in
fine-tuned LLMs, which creates challenges in regu-
latory contexts where transparency and accountabil-
ity are paramount (Calo and Citron, 2020). While
our system achieves strong performance metrics,
it offers minimal explainability, making it difficult
for both agency staff and affected parties to under-
stand the reasoning behind specific classification
decisions. We emphasize that our approach, in
keeping humans in the loop with desk review, miti-
gates many of these concerns, relative to a system
that completely automates the decision to open a

field investigation, or even to assess fines. Recent
advances in LLM interpretability, such as chain-of-
thought prompting and structured reasoning frame-
works, could further address these concerns (Wei
et al., 2022; Khattab et al., 2023). We did explore
chain-of-thought prompting, but found that when
the system could generate reasoning text, it strug-
gled to consistently produce the structured binary
classifications required for deployment. Given that
effective regulatory reasoning must be grounded in
specific statutory frameworks, ensuring that gener-
ated explanations align with established legal prin-
ciples would require validation from EPA officers.
The datasets we were given did not include doc-
umentation of why routing decisions were made,
making it difficult to evaluate whether generated
explanations reflected proper regulatory reasoning.
Future work would benefit from validation from
EPA domain experts as to the proper alignment
with regulatory reasoning.

(3) Multimodal methods. Our models are
trained solely on the free-text descriptions provided
in complaints, neglecting potentially valuable struc-
tured fields in the tipline system. Only a small
percentage of tips identified specific facilities, lim-
iting our ability to link tips with the EPA’s compli-
ance and enforcement history databases. Facility
identifiers could enable integration with historical
violation data, providing contextual information
about repeat offenders, past fines, or ongoing en-
forcement actions that might influence routing de-
cisions. Future research could explore multimodal
models that combine both unstructured text and
entity-specific compliance records.

(4) Labels as proxy for ground truth. Our eval-
uation relies on historical routing decisions as
ground truth, which may incorporate existing bi-
ases or inconsistencies in EPA practice. We are not
able to assess whether these historical decisions
reflect optimal enforcement priorities or resource
allocation. The mismatch between labels and the
underlying outcomes they are a proxy for is an im-
portant general challenge for LLM-based interven-
tions across many settings (Obermeyer et al., 2019).
Future work could incorporate outcome-based eval-
uations that track not just agreement with historical
decisions but also whether automated routing im-
proves detection of actual violations, compliance
with existing guidelines, and equity of enforcement
actions across different communities and environ-
mental issues.
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A Appendix

Training
Data

Relevance
F1 Score

Relevance
AUROC

Triage
F1 Score

Triage
AUROC

25% 0.981 ± 0.002 0.945 ± 0.011 0.538 ± 0.077 0.723 ± 0.113
50% 0.983 ± 0.001 0.961 ± 0.009 0.730 ± 0.020 0.913 ± 0.009
75% 0.981 ± 0.003 0.938 ± 0.025 0.740 ± 0.004 0.923 ± 0.003

100% 0.983 ± 0.002 0.961 ± 0.013 0.721 ± 0.072 0.906 ± 0.048

Table 5: Cross-validation performance across different
training data fractions for both the relevance model and
the triage model. Results show mean ± standard devi-
ation across 5 folds. We find that the relevance model
achieves consistently high performance regardless of
training set size, while the triage model benefits substan-
tially from additional training data, with performance
plateauing around 50% of the full dataset.

Stage Metric Heuristic
System

LLM-Assisted
System

Relevance

Relevant Precision (%) N/A 91.6 ± 1.8
Relevant Recall (%) N/A 97.2 ± 1.3
Irrelevant Precision (%) N/A 93.1 ± 2.4
Irrelevant Recall (%) N/A 80.5 ± 4.6

Criminal Division

Criminal Precision (%) 22.5 ± 0.1 70.5 ± 2.5
Criminal Recall (%) 98.5 ± 0.5 79.2 ± 2.9
Tips Re-routed to the Civil Division (tips/year) 1914 ± 15 298 ± 43
Irrelevant Tips Processed (tips/year) 1494 ± 27 38 ± 13
Legitimate Tips Lost to Filter (tips/year) 0 10 ± 6
Annual Caseload (tips/year) 4399 ± 18 1132 ± 83

Civil Division

Civil Precision (%) 80.3 ± 3.3 82.1 ± 2.5
Civil Recall (%) 26.1 ± 0.6 84.9 ± 2.2
Tips Re-routed to the Criminal Division (tips/year) 16 ± 5 200 ± 28
Irrelevant Tips Processed (tips/year) 151 ± 27 283 ± 75
Legitimate Tips Lost to Filter (tips/year) 0 92 ± 42
Annual Caseload (tips/year) 843 ± 19 2684 ± 145
End-to-End Accuracy (%) 31.8 ± 0.4 82.4 ± 0.8

Table 6: Performance Comparison: Heuristic vs LLM-
Assisted System. Values shown as mean ± standard
deviation across 5-fold cross-validation.
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