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ABSTRACT- Attificial intelligence of things (AloT)
combines connected sensors with Al models to interpret
observations from the physical world. We review its use in
smart policing and criminal investigation across public
safety, traffic management, search and rescue, officer
safety, and environmental investigation. We then examine
how large language models (LLMs) might extend these
applications by interpreting requests, retrieving operational
knowledge, and coordinating tools. An incident-response
scenario follows a case from intake and dispatch through
travel assistance, field sensing, and command-center
coordination.  The  scenario  separates language
interpretation ~ from  sensor  analysis, = numerical
optimization, and decisions reserved for police personnel.
The design must account for ambiguous speech, device
interoperability, mobile computation, unreliable
information, security, privacy, and incident-state
consistency during network outages. We identify research
questions and outline controlled comparisons and ablation
studies to assess the contribution of LLMs. This is an
introductory review and a conceptual design; operational
benefits remain to be established against current
procedures and equivalent AloT systems without LLM
agents.

KEYWORDS- AlIoT, Criminal Investigation, Internet of
Things, Large Language Models, Smart Policing

I. INTRODUCTION

Police dispatch and criminal investigation depend on
information gathered from several sources, often under
time pressure. Connected cameras, wearable devices, and
environmental sensors add field observations to this
process. The growth in IoT connections [1] and forecasts
of their economic impact [2] indicate the scale of
connected sensing. For police use, the central issue is how
an observation reaches the right person, with enough
context to guide a response.

The Internet of Things (IoT) provides sensing and
connectivity. Artificial intelligence (Al) interprets the
resulting data through recognition, prediction, and other
analytical methods. Their combination is known as
artificial intelligence of things (AloT) [3]. Developments
in edge computing, networking, and Al [4]-[10] have
widened the available processing options. Police
applications need an arrangement that delivers results

within the required time and makes their meaning clear to
officers and command personnel.

An AloT system must connect a measurement to a specific
task. A camera image may be processed into a plate
identifier for a vehicle check; road measurements may be
used to forecast traffic and guide a control decision. In
both cases, sensor quality and model error affect the
information available to the officer. The design also needs
to specify how that information is presented and what
action it can reasonably inform.

This article presents a narrative review of AloT for
policing and criminal investigation, with an emphasis on
LLM integration. The review focuses on literature relevant
to sensing and communication architectures, task-specific
analysis, and language-based interaction and tool
coordination. Foundational IoT and AloT research [3],
[11], [21] provides the technical context, while application
and deployment literature [23]-[29] and research on LLM-
enabled systems [30]-[36] inform the discussion of
operational requirements and integration challenges. The
review is selective in scope, and the proposed incident-
response workflow remains a conceptual design requiring
empirical evaluation.

The remainder of this article is organized as follows.
Section II outlines the sensing, communication, and
computational foundations of AloT. Section III reviews
five policing application areas, describing their data,
analytical methods, and deployment requirements. Section
IV examines LLM integration through an incident-
response scenario and discusses the associated research
challenges. Section V concludes with priorities for
evaluation.

II. TECHNICAL FOUNDATIONS OF AIOT

Designing an AloT application involves choices about
sensing, data transmission, computation, and use of the
results. This section introduces the components needed to
make those choices in a police setting.

A. Internet of Things

IoT connects physical devices with sensing, computing,
communication, or actuation functions [3], [11]. Police
deployments may use fixed cameras, vehicle equipment,
wearables, or environmental monitoring stations. Their
outputs include images, positions, physiological signals,
and pollutant measurements. Gateways and application
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services receive these observations for storage and use by
authorized personnel.

A common IoT architecture has perception, network, and
application layers [11], as shown in Figure 1 [12]. Sensors
in the perception layer acquire the observations. Platforms
such as Raspberry Pi, ESP32, and Arduino are useful for
prototyping, with the choice determined by the sensor
interfaces and processing load. Image acquisition needs
adequate  resolution and  processing  capacity;
environmental measurement needs sensors suited to the
quantity being measured.

The network layer transports data between devices,
gateways, and services. Bluetooth, Wi-Fi, LTE, and low-
power wide-area networks offer different coverage, delay,
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and power characteristics [11]. A deployment must match
these characteristics to its data volume and reporting
frequency. A short sensor message and a continuous video
stream impose substantially different demands. Gateways
connect devices with different interfaces, while backhaul
links carry their data to a remote service or command
center.

The application layer stores and displays data, manages
alerts, and connects to operational systems [11]. A police
application might place an observation on a map, associate
it with an incident, or record the response. Data acquisition
alone does not complete the task. The application must
present the observation in a form that an officer can
interpret and use.
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Figure 1: Three-layer IoT architecture [12]

B. Artificial Intelligence

Al covers computational methods for recognition,
prediction, reasoning, and decision support. Machine
learning (ML) develops models from data [13], [14]. The
intended output should be defined before selecting a
model. Vehicle recognition, traffic forecasting, and
detection of unusual sensor readings require different
training data and evaluation criteria.

ML includes supervised, unsupervised, and reinforcement
learning [15]. Supervised learning uses labeled examples
for classification or prediction. Unsupervised learning
finds patterns in unlabeled data, including clusters and
unusual observations. Reinforcement learning develops a
policy from interaction with an environment and feedback
on actions, often using simulation to explore control
strategies. The available data and the operational objective
determine which approach is appropriate.

Deep learning uses multilayer neural networks to learn
representations from data [16]-[18]. Convolutional neural
networks (CNNs) extract image features, and long short-
term memory (LSTM) networks model sequences. Graph
neural networks (GNNs), including graph convolutional
networks (GCNs), represent relationships among
connected entities. These methods offer possible
approaches to camera analytics, traffic or physiological
monitoring, and analysis of road networks, respectively.

Transformer-based  generative adversarial networks
(GANSs) offer further methods for representation learning
and data generation [19]. Their use in policing depends on
the input data and the required output. Predictive
performance must be considered alongside computational
cost, robustness, and whether officers can interpret the
results.

C. Artificial Intelligence of Things

AloT applies Al models to data acquired and
communicated by IoT devices [3], [20], [21]. Processing
may run on a device, at an edge gateway, or in the cloud.
Local processing can produce results near the sensor, while
back-end services can combine observations from several
locations. Placement depends on delay, connectivity,
computing resources, and data-handling requirements.
Relaying a measurement or applying a fixed threshold does
not itself require AI;, the AI component must have a
defined analytical role.

Healthcare, intelligent vehicles, robotics, UAVs, and
industrial systems provide examples of this combination
[6], [7], [20]-[22]. They connect measurements to an
analytical task and then to a decision. The police scenarios
below use the same structure, separating functions
documented in the cited work from extensions suggested
here.
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III. POTENTIAL AIOT APPLICATIONS IN
POLICING

The five application areas below describe what is sensed,
how the data are analyzed, and how the results might be
used. Figure 2 Figure 3 Figure 4 Figure 5 Flgure 6
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illustrate the relevant architectures and infrastructure.
Where a figure depicts data collection or communication
alone, the text explains the additional analysis that would
be needed.

A. Public Safety
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Figure 2: Architecture for public safety monitoring [23].

Connected cameras and image models can assist vehicle
identification and public safety monitoring. Figure 2 shows
an architecture that links field information and analytical
services to police personnel [23]. Automatic license plate
recognition converts vehicle images into identifiers for
comparison with records. Video models can flag activity
for review, but a match or activity label still needs
assessment in context. Cameras may be fixed or vehicle-
mounted, with processing on the device, at the edge, or in a
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back-end service. Mobile use introduces motion, occlusion,
changing illumination, and unreliable connectivity.
Evaluation should therefore measure recognition errors,
false alerts, reporting delay, and the workload of reviewing
outputs.

B. Traffic Management

Traffic models use road observations to estimate
congestion or forecast demand.
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Figure 3: Traffic management using LoRa and machine learning [24]

Figure 3 illustrates traffic management using LoRa
communication and ML [24]. Roadside equipment can
supply vehicle counts or speed measurements, depending
on its sensors. Models use patterns over time and across
locations to inform signal planning and route guidance.
LoRa may carry short sensor reports, whereas camera

streams need a different assessment of network capacity.
Evaluation should compare travel delay and prediction
error with existing procedures, including missing data and
reporting delays. A route recommendation also needs
network-level assessment because reducing delay for one
vehicle can shift congestion elsewhere.
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C. Emergency Search and Rescue

Mountain search and rescue requires communication,
location reporting, and information about a casualty’s
condition when cellular coverage is unavailable. Chung et
al. [25] propose a wearable IoT-based system that
combines Meshtastic LoRa mesh communication with
physiological monitoring, as illustrated in Figure 4. The
proposed nodes use GPS to obtain coordinates and
exchange location reports and text messages directly or
through neighboring nodes. Android Team Awareness Kit
(ATAK) provides a map-based interface for displaying
personnel positions, logged messages, and disaster
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conditions. The local Meshtastic mesh does not depend on
the cellular coverage required by NB-IoT [26] or the
conventional LoRaWAN gateway-to-server arrangement
[27].

This design provides a sensing and communication basis
for AloT, allowing information to be relayed to rescue
teams or a call center through available mesh links. An Al
extension could combine terrain, last-known positions,
physiological trends, and incoming observations to
prioritize search areas or routes and identify events
requiring review.
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(a) Mountain rescue application scenario with wearable monitoring and LoRa mesh communication.
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(b) Wearable sensing, LoRa mesh communication, and rescue information display.

Figure 4: Wearable [oT-based mountain rescue system [25]
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D. Officer Safety
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Figure 5: Field-to-command communication for officer safety [23].

Wearable measurements, motion data, and speech can help
command personnel assess an officer's situation. Figure 5
shows the exchange of field information with a command
function [23]. An analytical service could identify
combinations of observations that warrant an alert. Heart
rate, for example, must be interpreted against activity and
the officer's baseline because exertion and stress may
produce similar changes. A body-worn camera can add
visual context, although timely transmission depends on
the connection. The value of combining these signals needs
to be established under field conditions.
Defensive-equipment notifications and spoken requests for
assistance provide further context. Recording equipment
use is an IoT function; an Al model could interpret that
event with other observations or recognize a request in
noisy audio. Command personnel would assess the alert
and decide on assistance. Relevant measures include
missed events, false alarms, speech-recognition errors
under operational noise, reporting delay, and review
workload.
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E. Technology Assisted Criminal Investigation

Environmental measurements and camera observations can
help organize investigative leads. One possible use is
identifying unusual patterns near a suspected illicit drug
manufacturing site. The PM-monitoring architecture in
Figure 6 [28] illustrates environmental data collection and
analysis. Detecting drug-related substances requires
separately selected and validated sensors, with attention to
calibration, interference, background sources, and
uncertainty [29]. General water-quality anomalies likewise
need appropriate analytical methods and, where necessary,
confirmatory sampling to identify a substance. Temporal
or multimodal analysis could rank events for review by
combining environmental patterns with contextual
observations. Fixed-threshold alarms can also notify
personnel, without constituting Al analysis. Since
legitimate activities can produce similar anomalies, the
result should be a lead accompanied by its observations
and uncertainty. Corroboration remains necessary.
Evaluation should test whether ranking improves lead
assessment while controlling false positives under realistic
background conditions.

Network

Figure 6: Environmental sensing and PM analysis [28].
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IV. INTEGRATING LLMS WITH AIOT FOR
POLICING

The applications in Section III analyze sensor data for
defined tasks. LLM integration [30] offers a way to
connect these outputs to officers' requests, case knowledge,
and available services as an incident develops. It also
places language interpretation in the path between a report
and a tool call, creating opportunities for errors to affect
later actions. We examine this integration through an
incident-response scenario. The workflow is a conceptual
design informed by research in other application domains;
it has not been evaluated in police operations.

A. LLM Roles and Operational Control

An officer's request may refer to the current incident, omit
a device name, or require several services in sequence. An
LLM agent could interpret the request in context, retrieve
relevant case categories and guidance, and choose among
services such as unit-status queries and route planning.
SAGE [31] provides a precedent in smart homes, where an
autonomous LLM agent interprets flexible requests and
resolves references to devices. The police scenario applies
this idea to a changing incident record and a restricted set
of operational services.

LLM agents can combine planning, tool use, memory, and
task execution [30]. Here, the agent would organize
information, retrieve authorized records, query read-only
services, and prepare recommendations. Assigning a unit,
sending backup, or changing a deployment would remain
subject to approval by authorized personnel. Permissions
must be enforced outside the model. Section IV-C
discusses the security basis for these controls; their
effectiveness would still need to be tested.

Information captured at intake should remain available
through dispatch and field response. New field
observations can revise the briefing and inform command
decisions, with links to the original report.

Cameras, microphones, location sensors, and motion
sensors acquire observations, and specialized models
extract speech, visual, and activity features. The LLM
organizes these results with case records, approved
guidance, and current unit status. Dispatch and routing
tools calculate options under defined constraints. Police
personnel decide on the response.

The practical hypothesis is that this arrangement would
reduce repeated searches across case history, traffic data,
and unit-status systems. Speech recognition, speech
synthesis, and data integration are available without LLMs.
The empirical question is whether context-sensitive
interpretation and selection of service sequences add
enough benefit to justify the LLM's cost, delay, and
verification burden. Comparisons must use the same
sensors and underlying services.

B. Incident Response Scenario

Below Table 1 sets out the agent and personnel roles at

four stages of this conceptual scenario.

1. Incident intake and dispatch- At intake, an agent
would extract the reported location, event, people
involved, urgency indicators, and unresolved questions
from a call or an in-person report. Retrieval-augmented
generation (RAG) provides access to past case
categories and current response guidance [30]. Past
cases would be refrence  material, with
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recommendations checked against current procedures.
A dispatch tool would combine confirmed incident
details with live traffic, vehicle availability, officer
qualifications and training, and current assignments.
Unconfirmed locations and resource states would
remain marked as uncertain. The dispatcher would
review the options and missing information, then
approve or revise the assignment.

Travel assistance- Once a unit is assigned, a mobile
interface would deliver a short incident briefing and
spoken route updates from the command-center agent.
A routing service would calculate the route from
current road conditions and applicable constraints.
Minimum distance and minimum estimated arrival time
are different objectives, so the interface must identify
which is used and label travel times as estimates. The
agent would report the service's results. In electric-
vehicle charging, Zhang et al. [32] use RAG to
translate natural-language objectives and constraints
into a mixed integer linear programming formulation
and executable solver code. We adopt the same
division of responsibility = between language
interpretation and numerical optimization as a design
principle for the police scenario.

On-scene sensing and interpretation- At the scene, a
smartphone, portable or body-worn video recorder, and
connected sensors would supply authorized audio,
video, location, and motion data. Speech-recognition
and sensor models would produce timestamped
transcripts and event descriptions. The agent would
relate an officer's request to the active incident, identify
missing information, and prepare a situation update,
extending Section III-D. Interpretation needs the
speaker, preceding dialogue, mission status, and sensor
context. Bystander speech, quotations, and background
voices must be distinguished from authenticated officer
commands. An alert about danger would remain an
assessment to be confirmed where feasible.
Command-center coordination- Command personnel
would receive summaries of new observations, changes
since the previous update, and possible requests for
assistance. Validated urgent alerts must have a path
independent of lengthy LLM generation. Authorized
personnel would decide whether to send backup,
request medical assistance, or change the assignment.
Requests and acknowledgments would be logged as the
incident record develops. Original recordings and
sensor data would remain separate from the summaries,
with links that allow each update to be checked against
its sources.
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Table 1: Agent and Personnel Roles in the Incident Response Scenario

Stage Main inputs

Proposed agent role Personnel role

Live report; past incident types and

I Intake and handling methods; current traffic; vehicle

Structure the report, retrieve similar
cases, and explain dispatch options

Dispatcher approves or

dispatch o . revises the assignment
p status; officer capability; task load computed by a dispatch tool &
. . .. Present a concise briefing and spoken Officer drives and
Vehicle position; road conditions; updated g PO’ )
2. En route report route updates computed by a routing acknowledges; command
P service center monitors
. . Associate requests with the active Officer retains control of the
Audio, spoken commands, and motion data . ..
3. On scene incident and assemble a situation scene; confirms or cancels

from a smartphone or portable recorder

update alerts

4. Command

coordination Relayed updates; unit availability; records

Summarize changes and present a
possible need for assistance

Commander decides; the
record supports review

C. Integration Challenges
A misinterpreted report can lead to the wrong record being

retrieved and then to an unsuitable service call. Errors thus

cross the boundaries between sensing, interpretation, and
action. Some constraints come from IoT infrastructure;
others arise from the LLM's reasoning and tool use. Table
2lists design options and measures for examining these
problems.

1. Context-dependent language: Field speech varies
with speaker, accent, noise, stress, and rapidly
changing events. The difference between “send another
unit” and “we do not need another unit” depends on
reliable recognition of negation and context. SAGE
[31] handles flexible requests and device
disambiguation in smart homes. With GPT-4, it
achieved 76% success on a 50-task smart-home
benchmark, compared with 30% for the best tested
LLM-enabled baseline. These results apply to that task
set and configuration. Police encounters add uncertain
speakers and consequences for field response. The
interface needs clarification, explicit uncertainty labels,
and a manual communication option. Testing should
record missed assistance requests, false alerts, and
incorrect associations between speech and incidents.

. Device interoperability and operational state:
Recorders, phones, vehicle systems, and sensors differ
in protocols, functions, and data formats. Costa et al.
[33] demonstrate local discovery and peer-to-peer
interoperability in a consumer-IoT prototype. A police
implementation would additionally need consistent
device identities, timestamps, measurement units,
capability descriptions, and authenticated interfaces,
together with command coordination. The LLM must
map a request to a function the device actually supports
in its current state. External checks must verify
permissions and arguments, then confirm the result. A
requested operation and a completed operation must be
recorded as different states.

. Mobile edge deployment and delay. Officer devices
and patrol vehicles move between connections and
computing resources. Appropriately equipped vehicles
or nearby infrastructure can host edge processing. Liu
et al. [34] jointly study LLM deployment and task
offloading under stochastic requests, evaluating the
approach through simulations of dynamic networks.
Police workloads would add variation in retrieval and
tool-call sequences as incidents develop. Local feature
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extraction and compact models are candidates for time-
sensitive tasks; heavier analysis could use authorized
edge or back-end resources when available. Delay must
be measured over the full path from sensing and
transmission  through queueing, retrieval, tool
execution, and generation. Tail latency, missed
deadlines, energy use, and operation during outages all
matter.

. Resources and information reliability. Section IV of

[30]  discusses  resource  constraints, = model
optimization,  prompting, fine-tuning, retrieval,
evaluation, truthfulness, ethics, and security. In a police
application, compression or selective transmission may
discard information that changes the meaning of a
report. Retrieved records need sources and version or
validity information, and briefings must separate
observations from estimates and missing data. Fine-
tuning and retrieval alone cannot ensure factual
accuracy. The survey [30] reports SensorQA mobile-
sensor question-answering accuracy as low as 31.22%
for certain configurations and describes difficulties in
reasoning over long periods. That figure is a result from
selected SensorQA configurations, reported through the
survey, rather than an accuracy estimate for police
tasks or LLMs generally.

. Agent and network security. Chhabra et al. [35]

review attacks on agent planning, tool use, memory,
and interaction with external content, as well as
defenses. In this scenario, transcripts of scene audio,
retrieved records, and device messages are untrusted
inputs. Their contents must not change tool permissions
or workflow rules. Controls outside the model should
authenticate commands, restrict actions, validate
execution, and keep an audit record. Huang et al. [36]
evaluate cloud-edge collaborative DDoS detection in
LLM-enabled AloT using specified traffic datasets and
network scenarios. Those results require testing on
police networks before operational use. DDoS
detection addresses attacks on communication
availability, whereas command authentication and tool
authorization address misuse of the agent. Both
network availability and the integrity of agent-selected
actions need evaluation.

. Privacy, governance, and accountability. Continuous

recording can capture bystanders and victims as well as
officers. The survey [30] describes exposure through
cloud or third-party services and sensitive information
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inferred from combined sensor data. Costa et al. [33]
retain context data within the local network in their
consumer-IoT architecture. Local processing can limit
transmission, but access and retention controls remain
necessary. A deployment must define the data
collected, what is transmitted, who can access it, and
how long it is retained. Generated summaries need

links to the original recordings. Investigative
assessments should be checked against those
observations.

7. Incident context and intermittent connectivity.
Reports may reach the command center after the event

they describe. Each observation, recommendation, and
acknowledgment therefore needs an incident identifier,
source, event time, and version or status. The time of
recording or generation must remain distinct from the
event time. After reconnection, pending requests must
be reconciled with acknowledgments before an earlier
recommendation is acted on. The unresolved problem
is how to preserve useful incident context without
allowing stale information or duplicate requests to
produce inappropriate actions.

Table 2: Integration Challenges and Evaluation Criteria

Challenge

Operational concern

Design options

Example measures

Context-dependent
language

Negation; noisy or stressed speech

Clarification; uncertain-event
labels; manual fallback

Missed assistance requests; false
alerts; speech-to-incident
association errors

Interoperability and

Mixed vendors; requested versus

Authenticated interfaces; external

Integration effort; execution-check

state completed operations validation; acknowledged state failures
Mobile edge Variable connectivity; variable Place functions on device, edge, or Taﬂei:fnc?]é)n:rist?gnd;aﬁlelrllne&
deployment and delay tool-call sequences back end by urgency £Y> op

disconnected

Resources and
reliability

Hallucination; lost critical
information

Sourced and dated retrieval,
separate observations from
estimates

Briefing accuracy; factual error rate;
override rate

Agent and network
security

Injected instructions; tool misuse;
attacks on availability

Permissions outside the model;
authenticated commands; audit
records

Injection success rate; detection
performance on police networks

Privacy and
accountability

Bystander recording; opaque
reasoning

Local processing; retention limits;
decision logs

Leakage incidents; audit
completeness

Incident context and

Stale observations; delayed
acknowledgments; duplicate

Incident IDs; event times;
versioned state; reconciliation

Stale-action rate; duplicate actions;

connectivity requests

reconciliation delay

D. Research Questions and Evaluation

The scenario raises six research questions.

1. Incident context. How can an agent maintain a
consistent, correctable incident record when
observations and assignments change at different rates,
edge and cloud outputs disagree, or a connection fails
during a response?

2. Computation placement. Where should inference,
retrieval, and tool execution run across officer devices,
vehicle computers, edge servers, and back-end services
to meet response deadlines?

3. Tool authorization. How can the system respond to
varied requests while ensuring that each consequential
action is authorized, verified, and traceable to its
inputs?

4. Human decision authority. Which decisions can the
agent recommend or execute, and which require a
person? The boundary needs to account for urgency,
reversibility, and the consequences of error, with
evaluation involving dispatchers and field personnel.

5. Need for an LLM. Which functions gain from
language reasoning, and which can be handled by a
smaller, validated model at lower energy, delay, and
verification cost [30], [34]?

6. Police-task benchmarks. The evaluations discussed in
[30] and [31] concern mobile-sensor questions and
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smart-home control. A benchmark for incident intake,
dispatch, and field interpretation needs defined tasks,
independent reference labels, ambiguous cases, and
explicit completion criteria. Data collection and
annotation also need privacy controls and independent
review.
A controlled study would compare current procedures,
AloT without an LLM agent, and the integrated system
using the same sensor inputs, case records, dispatch and
routing tools, and resource conditions. Ablation studies
could remove retrieval or agent-based tool coordination to
measure their separate contributions. Reference labels must
be assigned independently of model outputs. In addition to
task success, the study should record unsupported
statements, unnecessary actions, clarification requests, and
operator corrections.
Evaluation should measure dispatch appropriateness,
briefing accuracy, arrival-time estimation, assistance-
request detection, operator workload, and task completion.
Test cases need incomplete reports and ambiguous speech,
congestion and changes in unit availability, device faults
and disconnections, and malicious inputs. Human
intervention, driver attention, access control, and
traceability of summaries must be assessed with model
performance. Any gain in coordination should be weighed
against delay, cost, and uncertainty.
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V. CONCLUSION

The applications reviewed here connect field observations
to police decisions through sensing, communication, and
analysis. A plate identifier, traffic forecast, safety alert, or
environmental anomaly requires contextual assessment
before it informs a police decision. Sensor quality, model
error, and the way results are presented remain central to
that assessment.

LLM integration could make the interaction less dependent
on fixed commands and link incident information to
relevant knowledge and services. The scenario in Section
IV assigns the LLM interpretation and coordination tasks,
leaves numerical calculations to dedicated tools, and
reserves consequential decisions for authorized personnel.
Its operational benefits remain untested. Ambiguous
speech, uncertain device state, disconnected operation, and
untrusted inputs are specific failure modes that a police
implementation must address.

Further work should test incident interpretation, continuity
of the incident record during outages, and verification of
tool calls in a controlled prototype. Comparisons with
existing procedures and equivalent AloT systems would
establish whether LLM assistance improves response
quality or reduces workload. Latency, energy use, operator
corrections, and traceability must be measured alongside
those outcomes.
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