
Machine Learning and Topic Modelling
(Understanding Demand and Crime MO)

**S40(2)** & **S40(2)**



• Background & Context

• Understanding Calls Demand - Topic Modelling

• Automating MO

Machine Learning and Topic Modelling



Topic Modelling – Background

• Understanding our demand

• No record of non-incident calls

• Only audio files

…we don’t know what half of our calls are about 



Topic Modelling – Approach

• Merseyside Police not capable of full Data Science …
…but does have skills!

• Collaboration is key!!
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Topic Modelling – Process

• Data Acquisition

• Transcription Issues

• Unnecessary topics

• Wrong topic labels

• Similar topic labels

• Numerous topics for a call



Topic Modelling – Example

LLM-produced 
Summary

(reduced token length)
53 words

ML-generated 
Transcription
(speech-to-text)

393 words

Violence

LLM-generated 
Topic Label

(single topic per call)

Call audio file
Originally 
no insight 

into reason, 
or content, of call.

‘Whisper’ performance: 
93% accurate

‘LLama2’ performance: 
98% accurate

Topic label 
accuracy currently 

being tested



Topic Modelling – Top 10 Topics

Emergency calls
73,578

Non-Emergency calls
53,065

Enquiry calls
49,235

ML clusters calls into
82 topic groups

(282 distinct topic labels within 
this)

E.g., 
     Topic Group
Concern for safety: 

Topic Labels

38_Elderly Wanderers
57_Teenagers Jumping Into Water
73_Elderly Stranded
150_Welfare Check
280_Safeguarding Incident

Top 10 call topic groups

Apr-24 to Jun-24



Topic Modelling – Top 20 Topics

% of grand total



Topic Modelling – Demand Profile
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Topic Modelling – Dashboard

Report drill through



Topic Modelling – Next Steps

• Analysis of data to inform strategic insight

• Ongoing work to further test, and improve, accuracy

• Additional developments of MI dashboard

• Technical enhancements to process

• Working group in place to consider how data can be utilised further (e.g. sentiment analysis)



Automatic MO – Background

• Unsatisfactory Data Quality

• Find and Fix process

• …existing 'Get it right second time' process is inefficient



Automated MO – Process

Current MO
missing

Other text 
files inputted 

into LLM

LLM 
neural network 

processing

MO 
automatically

completed

Feedback used 
to train model



Automated MO – Example

Input

Offender has entered rear garden of property and climbed up to flat roof outside window when he has been seen by victim's daughter 
who has returned home. Suspect has then shouted "RUN" and fled.

Output

1. The location of the burglary was Dwelling.
2. The actual point of entry was Window - upper rear.
3. The entry method was Use code. This is inferred because the offender opened the window, implying they used a code to unlock it.
4. Damage was caused to the Rear flat roof door.
5. Unknown. The occupation of the offender is not mentioned in the provided input.
6. Summary: A person attempted to burgle a dwelling by entering through the rear window on the upper floor. They were spotted by the 
victim's daughter, who returned home unexpectedly, causing the offender to shout "RUN" and flee the scene. The CSI was called to 
examine the scene, and no obvious forensic opportunities were found, although some objects were noted to be out of place. The 
offender's description was obtained from the witness statement, and further enquiries are required.



Automated MO – Examples  -Structured and Free text MO

   Withheld in full S31 S38 



Automated Structured MO – Accuracy

Burglary Sexual Offences

MO Field /
Information

% completed 
in Niche *

Mixtral 
accuracy

Location 90% 59%

Victim/Offender Relationship 97% 79%

Victim Activities 45% 75%

Act of Violence 6% 77%

Sexual Acts 44% 87%

Offender Behaviour 6% 88%

Offender flee scene 3% 50%

How Victim/Offender Met N/A 60%

Offender Occupation 38% 48%

Free-text Summary 98% 89% - 100%

MO Field /
Information

% completed
in Niche *

Mixtral 
accuracy

Location 99% 63%

Entry Point 41% 88%

Entry Method 37% 87%

Attempted Entry Points 22% 75%

Damage Caused 22% 78%

Offender Occupation 21% 33%

Free-text Summary 100% 87% - 99%

Violence

Currently being tested

* Apr-24 to Jun-24

* Apr-24 to Jun-24



Automated MO – Next steps

• Outputs to be aggregated into groups

• Further testing and accuracy improvements

• MI reports/dashboards

• Analysis of key themes (Intelligence and Strategic Analysis)

• Apply to broader offences
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