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Section 1: Project background



Embracing AI in a regulatory setting

Assessing the Annual Reports of listed companies
–––––
The initial public offering (IPO) market in Hong Kong is consistently one 
of the most active in the world.  The number of companies listed on the 
Stock Exchange of Hong Kong (issuers) has more than tripled over the 
past 20 years, reaching 2,507 as at the end of July 2020.  

Every year, all issuers must publish an Annual Report that presents 
their financial results, business performance and management 
commentary to the general public.  As the frontline regulator, Hong 
Kong Exchanges and Clearing Limited (HKEX) pays close attention to 
the content of Annual Reports, monitoring them to check, among other 
things, that the issuers are disclosing all the relevant information that 
the Listing Rules of the Stock Exchange require of them.

HKEX has long been interested in using artificial intelligence (AI)  to 
help it review Annual Reports.  Detecting the relevant disclosures, 
checking their consistency with the issuer’s other communications 
(such as announcements and circulars), and ultimately assessing their 
compliance with the Listing Rules can help improve the quality of 
issuers’ published materials and transparency for the investing public. 

4 Project background

In late 2018, HKEX began collaborating with Beijing Paoding 
Technology Co. Ltd. (PAI Tech) to test the power of AI in this context.  
The resulting platform, co-developed and trained with thousands of 
Annual Reports, has been a success.  It has boosted the breadth, 
speed and accuracy of Annual Report assessment.  Starting from 2020, 
this platform has become a key part of HKEX’s regulatory toolkit.

HKEX will continue this initiative with a long term view to promote better 
disclosure quality, completeness and access for both shareholders and 
the general public.  As AI models continue to improve with more data 
over time, HKEX is also exploring how it can apply similarly effective 
solutions to other areas of its regulatory practice.

The purpose of this technical report is to share the methodology 
that we used to “train” AI to read and understand Annual Reports: 
documents that are voluminous, diverse and highly unstructured.  
We present our lessons learnt, in the hope that sharing this 
knowledge with fellow regulators, RegTech practitioners and other 
stakeholders helps advance the use of AI in capital markets.



Building ‘Document Intelligence’
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Creation

Project focus

Can a machine understand an Annual Report?
–––––
Annual Reports are unstructured, richly formatted documents.  While 
mostly comprising natural language arranged in neat sections and 
paragraphs, they also contain numerous other elements: descriptive text 
(e.g. captions, footnotes), tables and charts, which combine to convey 
valuable information to the reader.

Though all of this information is electronically stored and identifiable, 
perceptive AI alone is not sufficient to create the inference and context-
specific semantic understanding that we require in order to properly 
assess issuers’ compliance with various Listing Rules. 

We therefore apply a combination of natural language processing (NLP)
and deep learning techniques, developing a comprehensive ability to 
‘read’, ‘understand’ and ‘interpret’ all of the elements of an Annual Report. 
This is collectively referred to as ‘Document Intelligence’, and requires 
cruching through large sets of training data.

Project background



Building ‘Document Intelligence’
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The challenges of our use case
–––––
While many financial institutions have successfully trained AI algorithms 
to detect simple pieces of information inside similar documents (e.g. 
earnings per share, publication date, interest rate…), our goal of finding 
and then evaluating 100+ types of regulatory disclosures inside Annual 
Reports posed some formidable challenges.

Firstly, the information relevant to each Listing Rule is often scattered 
across different pages of an Annual Report, which must be successfully 
identified as related to one another.  Even then, the data (or lack thereof) 
may be insufficient to complete a full assessment, which means retrieving 
and analysing other supplementary documents (e.g. announcements 
made by the issuer during the year) without any human intervention.

Secondly, distinct AI models needed to be built for every Listing Rule, 
each requiring large sets of training data.  Some Listing Rules concern 
events and circumstances that are simply too historically rare to have a 
sufficient training set for meaningful AI models to be constructed, and 
therefore had to be excluded from the final scope of the platform.

Finally, the sheer diversity of the training set is remarkable. No two 
Annual Reports are the same, and with 183 new company listings in 
Hong Kong in 2019 alone, the variety of documents that the AI algorithm 
is expected to perform highly on going forward is ever-expanding. 

Project background



Section 2: Our methodology



Solution Framework

3-Step Solution Purpose Framework

STEP 1: 
Recognise document 

structure

Recognise different document elements (e.g. 
paragraphs, charts, tables, pictures) in Annual 
Reports and other relevant corporate 
communications

AI models are built based on deep learning to 
recognise reading sequence and logical document 
hierarchy to understand different document elements

STEP 2: 
Locate the right 

disclosures

Locate (1) disclosures within Annual Reports and (2) 
confirmatory texts from relevant corporate 
communications with respect to Listing Rules

Various AI models are built for different Listing Rules.  
The resulting models extract fine-grained information in 
recognised document elements, e.g. a sub-string of text 
in a paragraph, a numerical value from a table or chart

If disclosures are present, analyse the content using 
semantic understanding; suggest “no disclosure” if 
the information located is deemed irrelevant

Trained AI models will differentiate between negative 
and positive statements if disclosures are located; and 
suggest “no disclosure” if disclosures located are below 
a certain confidence interval

STEP 3: 
Recommend a  

compliance 
assessment

Using analysis from Step 2, deduce whether issuers 
are likely to be compliant with respect to each 
relevant Listing Rule, and make a recommendation

Based on semantic understanding developed from Step 
2, a logic judgment function g(S) is developed to 
recommend a compliance assessment, using both AI 
models and rules based on actual review process

8 Project background



Step 1: Recognise document structure

The PDF Annual Reports store the visual information of the pages 
instead of their structural information, and only the latter can be 
analysed for review.  As previously mentioned, very specific locations 
within Annual Reports and corporate communications must be 
reviewed with respect to each Listing Rule.  They can range from a 
number or text to an entire table or graph (for some Listing Rules, it 
can be both).  Before a location can be found, the nature of each 
document element has to first be determined.  This is done by parsing 
all PDF Annual Reports to produce a series of content blocks.

This is formulated as an “Object Detection” problem – we predict the 
borders of all content blocks in the pages, categorise the logical 
relationships among them (e.g. matching charts / graphs to paragraphs 
/ texts), determine the correct reading order and establish subsequent 
document hierarchy. 

Information regarding the chapters / sections in which these content 
blocks are located is also fed to the algorithms for subsequent analysis 
and model construction in Steps 2 and 3.

9

Richly 
Formatted Data 

(PDF)
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Lessons learntOur methodologyProject background Next steps



Step 1: Recognise document structure

Recognition based on 
deep learning

Rendered document page
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Stored as characters and
their positions and formats

Recognise the paragraphs and tables

Stored as the document structure

Our methodology



Step 2: Locate the right disclosures

2.1 Locating paragraphs, tables and / or charts
–––––

In Step 2, AI models are constructed using inputs from Step 1 to locate the 
relevant disclosures with respect to each of the ‘trained’ Listing Rules.  

Referencing many sets of tagged training data, deep learning models calculate 
the relevance of a content block to a specific Listing Rule by analysing the 
embedded semantic information.  The tagged data is considered a positive 
example and the remaining content blocks negative examples.  A classification 
model is trained against the examples tagged, producing output as the 
conditional probability P(Y=relevant丨content block), where an irrelevant 
element block is given a “0” score and a correctly labelled relevant block “1”.  
All the content blocks have their own probabilities and are then ranked by 
scores.

The algorithms consider the chapters / sections a content block belongs in and 
neighbouring content blocks, among other factors, when calculating the 
conditional probabilities.  In some cases, it also involves keywords analysis 
against pre-existing open-source financial dictionaries, and bespoke 
knowledge + rules developed based on HKEX’s review processes.  This is 
possible given that the understanding of financial information and compliance 
review make use of relatively specialised domain knowledge.

11 Our methodology



Step 2: Locate the right disclosures

2.1 Locating paragraphs, tables and / or charts
–––––

Example:

App16.9: A listed issuer shall include in its financial statements the name of every subsidiary, its principal country of operation and its 
country of incorporation or other establishment, and, in the case of a subsidiary established in the PRC, the kind of legal entity it is registered 
as under PRC law (such as a contractual or cooperative joint venture); and (2) particulars of the issued share capital and debt securities of 
every subsidiary. 

Issuers opt to disclose various details using different formats in paragraphs (including footnotes), tables and / or charts.

12

Note: Examples used herein are for illustrative purposes only.

Our methodology



Step 2: Locate the right disclosures

2.2 Locating specific fine-grained information
–––––

For a small number of Listing Rules, the simple location of 
paragraphs, tables and / or charts is sufficient for determining issuers’ 
compliance.  For these cases, disclosures are considered mandatory 
and issuer compliance is automatically implied if certain disclosures 
are present, and vice versa.  

However, more often than not, with regard to most Listing Rules 
specific texts and / or numbers have to be extracted for consistency to 
be established against other parts of the Annual Report and / or other 
relevant corporate communications.  Compliance cannot be 
determined based on the simple fact that certain disclosures are there 
– it depends.  

For these conditional cases, fine-grained information has to be 
extracted and logical relationships established among different parts 
of the documents, just as how humans would comprehend 
information.

The same methodology from 2.1 is repeated with regard to respective 
paragraphs, tables and / or charts extracted to identify embedded 
fine-grained information.  The NLP models make use of relationship 
extraction and event detection and characterisation to locate causal 
relationships, multivariate events, and complex language phrasing.  
Oftentimes, no set keywords are available in these cases.

For some Listing Rules, a mix of paragraphs, charts and / or tables 
are used, creating an added layer of complications – the models were 
further adjusted for these cases.

13

For the years end December 31, 2015 and December 31, 
2016, we had prepayment and other payables in an 
aggregate amount of approximately $1,890 million and
$1,743 million, which constituted 93.88% and 93.14% of 
current liabilities, respectively.

Note: Examples used herein are for illustrative purposes only.

Our methodology
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Step 2: Locate the right disclosures

2.2 Locating specific fine-grained information
–––––

Example:

App16.11(3): In the case of any issue for cash of equity securities 
(including securities convertible into equity securities), a listed issuer 
shall disclose, among other details, as respect each class of equity 
securities, the number issued, their aggregate nominal value, if any.

The model extracts information from the Annual Report, stating that 
“[o]n  27  August  2018,  the  Company  entered  into  the  
subscription  agreements  separately  with  each  of  the  six  
independent subscribers for the subscription of an aggregate of  
200,000,000  subscription  shares  at  the  subscription  price  of  
HK$0.30  per  subscription  share  (“Subscription”).  The  closing  
market  price  was  HK$0.27  per  share  at  the  date  of  the 
subscription agreements.”

Using the date extracted, the model looks for various announcements 
around that time, locating “Subscription of New Shares under 
General Mandate” the issuer published under the headline “Issue of 
Shares under a General Mandate” on 28 August 2018.  Various 
attributes listed on the right are automatically extracted from the 
announcement for confirmation of consistency to determine 
compliance.

Note: Examples used herein are for illustrative purposes only.

Our methodology
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Step 2: Locate the right disclosures

2.2 Locating specific fine-grained information
–––––

Example:

Ch17.07(1): Disclosure regarding the movement of outstanding share 
options, including particulars of outstanding options at the beginning and 
at the end of the financial year/period, including number of options, date 
of grant, vesting period, exercise period and exercise price.

Each of the specific attributes, e.g. exercise price, is extracted to be 
compared against the information extracted by the issuer’s Monthly 
Returns issued during the year for compliance assessment to be made.

Note: Examples used herein are for illustrative purposes only.

Our methodology



Step 3: Recommend a compliance assessment

A logic judgment function g(S) was developed to evaluate issuers’ 
compliance, using location inputs S from Step 2 for the Listing Rules 
within the scope of this project.  The function takes into account 
general conditions, such as whether the disclosures are complete and 
whether information is consistent across different locations.  Specific 
factors with respect to each Listing Rule are also considered, such as 
whether the disclosed values meet certain size requirements.

As alluded to previously, assessing compliance can become quite 
complicated as Listing Rules become more complex.  For the purpose 
of developing the platform, various Listing Rules were put into the 
following categories.

• Existence check
o Simple check: the presence of certain disclosures alone 

indicates Listing Rule compliance and vice versa.
o Conditional upon other information: compliance cannot be 

deduced based on the presence or absence of disclosures; 
confirmatory details have to be extracted from other sources.

• Value-based check
o Simple check: Listing Rule compliance is implied if values 

extracted match set rules and vice versa.
o Conditional upon other information: values from multiple 

sources are extracted to verify consistency; oftentimes numeric 
formulae and / or logic are involved.

16

Categories of Listing Rules

Existence check

Simple check

Conditional upon other information

Value-based check

Simple check

Conditional upon other information

Our methodology



• Conditional upon other information

The challenge with Listing Rules that call for confirmatory texts is that  
non-disclosure does not automatically mean non-compliance.  The 
issuer in question may simply have not contemplated relevant 
corporate actions, e.g. equity issuance, during the financial year, and 
hence has nothing to disclose.  For this case, as long as the issuer 

has not filed relevant corporate communications outside of the Annual 
Report, the platform will not flag it as a potential non-compliance.  
Similarly, if an issuer has disclosed certain information within the 
Annual Report, the issuer is only considered compliant if confirmatory 
texts can be located and matched to show consistency.  If AI 
considers something to not add up, human reviewers are called into 
action to confirm.  See below a simple logic tree to demonstrate.

17

Step 3: Recommend a compliance assessment

Notes: PS = Positive Statement; NS = Negative Statement; ND = No Disclosure; C = Compliant; NC = Likely Not Compliant

Annual Report

PS

NS

PS
1

2

3

Other Corporate Communications

ND

NS/ND

PS

NS/ND

C

NC

C

NC

PS

NS/ND C

NC

Our methodology



• Existence check
o Simple check: the presence of certain disclosures alone indicates Listing Rule compliance 

and vice versa; the disclosures can be located in either paragraphs, tables and/or charts

Examples:

Conclusions: both are cases of compliance, as suggested by the AI platform

18

 App16.29: A listed issuer shall 
include a statement of the reserves 
available for distribution to 
shareholders by the listed issuer as 
at the date of its statement of 
financial position.

 App16.22: In relation to loans 
and borrowings a listed issuer shall 
provide in its financial statements, 
except where the listed issuer is a 
banking company, an analysis as 
at the date of statement of financial 
position, firstly of bank loans and 
overdrafts and, secondly of other 
borrowings, showing the aggregate 
amounts repayable

Step 3: Recommend a compliance assessment

Note: Examples used herein are for illustrative purposes only.

Our methodology



• Existence check
o Conditional upon other information: compliance cannot be deduced based on simple presence or absence of disclosures; 

confirmatory details have to be extracted from other sources

Example:

App16.31(4): A statement of the percentage of revenue from sales of goods or rendering of services attributable to the largest customer; 
disclosure can be omitted in the event that the percentage of revenue from sales of goods or rendering of services attributable to the 5 
largest customers combined is less than 30, but a statement of that fact shall be given.

19

Conclusion: the absence of disclosure of the percentage 
attributable to the largest customer does not automatically mean 
non-compliance, in this case, the issuer is compliant and the 
relevant paragraph is identified by AI

Step 3: Recommend a compliance assessment

Conclusion: in the event that the percentage attributable to the 5 
largest customers combined is more than 30, AI identifies and 
label the aforementioned value together with the percentage 
attributable to the largest customer.  This is an example of fine-
grained data extraction and the issuer is labelled compliant

Note: Examples used herein are for illustrative purposes only.

Our methodology



• Existence check
o Conditional upon other information: compliance cannot be deduced based on 

simple presence or absence of disclosures; confirmatory details have to be 
extracted from other sources

Example:

App16.11(8)a: With relation to issuance for cash of equity securities, disclose a 
detailed breakdown and description of the proceeds for each issuance and the 
purposes for which they are used during the financial year

Information is extracted from the from the Annual Report under “Report of Directors” 
and compared against texts extracted from the issuer announcements under the 
category “Issue of Warrants / Issue of Shares under a Specific Mandate” for 
consistency.  The AI model decides whether the two statements are semantically 
equivalent, and the process can become challenging since natural language 
descriptions can be very diverse and often reference very specialised domain 
knowledge.

Conclusion: the AI model is not able to suggest compliance with a high degree of 
confidence and human review is required to make final deduction

20

Extracted from the announcement: 
“Proposed issue of unlisted warrants under 

specific mandate”

The proposed issue of unlisted Warrants exceeds 
20% of the aggregate number of issued shares as
at the date of the Loan Amendment Deed (i.e. the 
limit specified in Listing Rule 15.02(1)), and is
being proposed as a key part of Company’s efforts 
to manage its cash flow liquidity issue, including
in connection with the rescheduling of the Bonds. 

Extracted from Annual Report:

The proceeds from the issue price of unlisted 
warrants were used to settle expenses incurred in 
connection with the loan amendment deed.

Step 3: Recommend a compliance assessment

Note: Examples used herein are for illustrative purposes only.

Our methodology



• Existence check
o Conditional upon other information: compliance cannot be deduced based on 

simple presence or absence of disclosures; confirmatory details have to be 
extracted from other sources

Example:

App16.32(6): The issuer shall include comments on segmental information. This may 
cover changes in the industry segment, developments within the segment and their 
effect on the results of that segment. It may also include changes in the market 
conditions, new products and services introduced or announced and their impact on 
the group's performance and changes in revenue and margins.

Ideally, issuers should disclose segmental information in both notes to financial 
statements and management discussions and analysis or director’s reports, and the 
two should be consistent.  However, details extracted under the two oftentimes do 
not match 100%, with one or more segments left out in either sections.  If AI 
determines that the two parts are more dissimilar than similar, the relevant 
disclosures will be flagged for human review.

21

Step 3: Recommend a compliance assessment

Note: Examples used herein are for illustrative purposes only.

Our methodology



• Value-based check
o Simple check: Listing Rule compliance is implied if values 

extracted match set rules and vice versa

Example:

App16.25(6): Five highest paid individuals: an analysis showing the 
number of individuals whose remuneration fell within bands from 
HK$nil up to HK$1,000,000 or into higher bands (where the higher 
limit of the band is an exact multiple of HK$500,000 and the range 
of the band is HK$499,999)

The upper limit of each interval is extracted to check if it is a 
multiple of HK$500,000.

Conclusion: AI model suggests compliance and nothing was 
flagged for human review

22

Step 3: Recommend a compliance assessment

Note: Examples used herein are for illustrative purposes only.

Our methodology



• Value-based check
o Conditional upon other information: values from multiple sources 

are extracted to verify consistency; oftentimes numeric formulae 
and / or logic are involved

Example:

Ch17.07(2): Particulars of options granted during the financial 
year/period, including number of options, date of grant, vesting period, 
exercise period, exercise price and (for options over listed securities) 
the closing price of the securities immediately before the date on which 
the options were granted

As part of the review process for this Listing Rule, highlighted values 
are checked against Monthly Returns of Equity Issuer on Movements in 
Securities during the financial year; all numbers are then checked 
against the following formula:

Options outstanding at the end period = options outstanding at the 
beginning + options granted - options exercised - options cancelled -
options lapsed

Conclusion: with regard to the number of options, no non-compliance 
was flagged for review

23

Step 3: Recommend a compliance assessment

Note: Examples used herein are for illustrative purposes only.

Our methodology



• Value-based check
o Conditional upon other information: values from multiple sources 

are extracted to verify consistency; oftentimes numeric formulae 
and / or logic are involved

Example:

App 16(32)(5): A listed issuer shall include in its annual report a 
discussion and analysis of the group’s performance during the financial 
year and the material factors underlying its results and financial position, 
including details of material acquisitions and disposals of subsidiaries, 
associates and joint ventures.

The model picked up the date of such a major transaction in relation to the 
acquisition of the entire issued capital of a certain company from the 2017 
Annual Report, and successfully located the corresponding 
announcement the issuer made in relation to this acquisition under the 
headline “Major Transaction”.  As the two dates do not match (23 March in 
Annual Report and 22 March in transaction announcement), this case was 
flagged for human review.  Upon checking, reviewer confirms that the 
disposal was not completed until 2018, which was not during the 2017 
financial year, and determines that there is no non-compliance with regard 
to the issuer’s 2017 Annual Report.

24

Step 3: Recommend a compliance assessment

Note: Examples used herein are for illustrative purposes only.
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Platform interface: Annual Report review page

Mar 20 2017 Mar 31 2017
Flag for Follow-up:
Mark as Complete:

A list of suggestions are shown 
ranked by model confidence 

If Listing Rule involves referencing additional 
corporate communications, these corporate 
communications can be accessed here

Users go over issuers’ Annual Reports on the Annual Report review page.  This is where the list of AI-recommended disclosures 
and compliance suggestions are shown and users decide whether issuers are compliant.  If the AI suggestions are incorrect, users 
submit corrections separately to optimise the AI models.  The relevant corporate communications can be accessed for further 
verification; see the next slide for selected examples.

Note: Examples used herein are for illustrative purposes only.

Our methodology



26

Platform interface: samples of corporate communications referenced

Share Repurchase Reports1

Stock Code Trading Date # Securities Purchased Total Purchase Price Source

00000 Sep 6 2019 288,000 HKD 25,719,675.00 Link

00000 Sep 5 2019 550,000 HKD 49,695,800.00 Link

00000 Sep 4 2019 600,000 HKD 54,489,700.00 Link

Total in FY 1,438,000 HKD 130,005,175.00

Share Repurchase Reports

Monthly Returns2

Mar 2019 Feb 2019 Jan 2019 Dec 2018 Nov 2018

Extracted details are 
displayed here

Note: Examples and figures used herein are for illustrative purposes only.

Our methodology
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Platform interface: samples of corporate communications referenced

Nov 20 2018 x 2018 x 2018 x 2018 x 2018

Extracted details with respect to the 
Listing Rules are displayed here, e.g. 
transaction dates, consideration, use 
of proceeds, related parties.

Transaction announcements3

Note: Examples and figures used herein are for illustrative purposes only.

Our methodology
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Platform interface: analysis by Listing Rule

Rule # Main Board: MLR 13.35 GEM Board: 17.38AA1 Newly Listed Companies (Listed after                                   )

Total Main Board GEM Newly Listed

2020

Available Annual Reports 1984

Compliant Issuers 1964

Non-Compliant Issuers 20

2019

Available Annual Reports 2215

Compliant Issuers 2171

Non-Compliant Issuers 44

2018

Available Annual Reports 2198

Compliant Issuers 2132

Non-Compliant Issuers 66

2019Mar 20

97%
98%

99%

2018 2019 2020

% Compliance

All

Display List of Non-
Compliant Issuers

Export Table

Users may define what companies are 
considered “Newly Listed” and statistics below 
will change according to user selection

Display % according to user selection, e.g. 
% compliance for 2018 = no. of compliant 
issuers / total no. of available ARs

Users may select 
multiple financial 
year(s) and Listing 
Rule(s) to export

X
List of Non-Compliant Issuers

Export

2020Select Financial Year(s)

A1Select Listing Rule(s)

Select from drop-down menu 
list of available Listing Rules

Export table below in .xlsx

Details of issuer compliance by Listing Rule is displayed for the Listing Division’s further analysis and follow-ups.

Note: Figures used herein are for illustrative purposes only.

Our methodology
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Platform interface: analysis by issuer

Listing Rules 2020 2019 2018 2017

A1 MLR 13.35 17.38A Compliant Compliant Compliant Compliant

A2 App16(12b) 18.39B Compliant Compliant Compliant Compliant

A3 MLR 10.06 13.13(2) Compliant Compliant Compliant Compliant

A4 App16(4)(1) 18.50B(1) Compliant Compliant Compliant Compliant

A5 App16(4)(2) 18.50B(2) Non-Compliant Compliant Non-Compliant Compliant

A6 App16(4)(2)(a) 18.50B(2)(a) Compliant Compliant Non-Compliant Compliant

A7 App16(4)(2)(b) 18.50B(2)(b) Compliant Compliant Compliant Compliant

A8 App16(4)(3) 18.50B(3) Compliant Compliant Compliant Compliant

A9 App16(5) 18.19 Compliant Compliant Compliant Compliant

98% 99%
100% 100%

2017 2018 2019 2020

% Compliance

Company Name: HKEX
Stock code: 00388

Date of Listing:
Financial Year-end:
Last Annual Report:

Jun 27 2000
Mar 31
2019

-year Average Compliance:  99%
2020: 100%   2019:  99%   2018:  98%

3

Export table below in .xlsx

Export Table

Show % compliance or % non-compliance according 
to user selection, e.g. % compliance of 2020 = no. of 
compliant LRs in 2020 / total no. of LRs

Users may also look into compliance rates of a particular issuer over the years to have a better understanding.

Note: Figures used herein are for illustrative purposes only.

Our methodology
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The project in numbers
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Training data
–––––

Annual reports:

Corporate communications:

No. of Listing Rule 
requirements trained:

% of all Listing Rules:

3,800+ tagged twice

400+ tagged

140+ disclosure location + 
compliance assessment

100% of “machine-friendly” Rules
Around 80% of total Rules

Overall performance1

–––––

Precision rates:

Recall rates:

Accuracy rates:

Issuer compliance rates:

Time saved per Annual Report:

92-97%

80% less time taken compared 
with human review alone

1. We tested the AI model against 50 “unseen” Annual Reports, i.e. reports that were not part of the training data. Precision and recall rates measure how many of the items selected by the algorithms 
are correct and how many correct items in the Annual Reports are selected respectively, while accuracy rates measure % correct predictions out of total population.  A correct prediction is defined as 
locating the correct disclosure or recommending the correct compliance assessment.

Disclosure Compliance

90% 98%

79% 86%

84% 85%

Lessons learnt



The project in numbers
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Model performance of different Listing Rule categories
–––––

Compliance 
assessment

Existence check
Simple check

Conditional upon other information

Value-based check
Simple check

Conditional upon other information

Locate disclosures

General information

Fine-grained information

Recall Precision Accuracy

77% 91% 91%

74% 83% 86%

95% 98% 95%

93% 95% 91%

97% 99% 97%

89% 97% 88%

1

2

Lessons learnt



AI model performance
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Bad case analysis and model improvement
–––––
Model construction requires a large amount of training data. The more 
good quality data there is, the better the AI models perform and it is 
especially so for the case of deep learning.

Apart from “feeding” more relevant disclosures and respective 
compliance to the model, bad case analysis is also highly relevant, 
especially towards the later stages of platform development.  Users 
review preliminary AI suggestions and verify / correct accurate / 
inaccurate cases and adjust algorithms and logic statements (which 
affects also document tagging) for continuous platform optimisation.

The platform performance has steadily increased during the 
development of the model.  Overall accuracy rates for location of 
Annual Report disclosures (Step 2) and issuer compliance 
recommendation (Step 3) for the training set reached 90% and 92% 
respectively at the final stages of the project.  We then tested the 
model against 50 “unseen” Annual Reports, i.e. new reports that were 
not part of the training data, and the resulting accuracy rates were 84% 
and 85% respectively.  We hope to continuously improve the 
performance through regular review of data generated from user 
verification.

90%

81%

92%

84%

Disclosure location Compliance assessment

More training data 

Training accuracy at 
the beginning of the 
project

Accuracy at the 
time of this report

Lessons learnt
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Adjustments required for review and assessment
–––––
Since implementation, the platform has significantly improved the 
review process of Annual Report disclosures and Listing Rule 
compliance.  Document retrieval and record retention are automated 
and workflows are optimised through AI-suggested disclosure location 
and compliance assessment. With the help of the platform, the time 
taken to review each Annual Report has reduced by around 80% 
compared with human review alone.  

Noting especially that the Annual Reports and corporate 
communications being reviewed are highly unstructured and the 
number of positive examples for some Listing Rules remain low, the 
model construction process was not without its challenges.  Below are 
some of the key adjustments we made during the process of platform 
construction and project design:

• Lopsided training data
Training AI models against mostly compliant issuers naturally means 
that the number of non-compliant cases available for training is very 
limited.  As a result, the model is less confident in the identification and 
assessment of non-compliance.  Given the ultimate goal is to locate 

non-compliant cases, we have adjusted the model to allow for a higher 
% of false negatives (compliance incorrectly suggested as non-
compliance) compared with that of false positives, i.e. higher recall and 
lower precision.  The human review process that follows creates further 
corrections for model training and optimisation.

• Amount of document tagging required
For most of the Listing Rules, we were able to achieve relatively high 
accuracy in the simple location of disclosures (without fine-grained 
information or categorising whether disclosure located is a positive or 
negative statement) with less than 500 Annual Reports tagged.  It 
becomes challenging only as the machine needs to interpret semantic 
meaning and locate precise data points.  While more training data 
and/or user corrections can get to better AI performance, for our case 
the rate of accuracy increase lowers as more data is tagged.  
Sometimes the appropriate use of business rules and keywords would 
save a lot of time and costs incurred.

• Bilingual Annual Reports 
As we have decided to focus on training English Annual Reports in our 
project, the process of document structure recognition was adjusted to 
locate and process only the English equivalents in bilingual Annual 
Reports.

Lessons learnt
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In addition, we have the following observations applicable to 
developing general AI models for purposes beyond compliance 
assessment and regulatory uses.

• Pinpoint the business problems and objectives
Solving for too many scenarios at once can become difficult to manage.  
In our case of Listing Rule compliance review, we have created 
subsets solving for specific attributes (e.g. number of share options 
cancelled) instead of all relevant information at once.

• Take time to think through the training setup
The granularity of the tagging should match how detailed the resulting 
fine-grained information needs to be.  There are often multiple valid 
inputs for a single business requirement, so make sure to consider all 
of them.  Introduce a diverse team of talent in order to minimise bias 
stemming from subject matter comprehension.

• The quality of the tagged information is extremely important
The set of training data is essentially a baseline for model construction 
and analysis and serves as the foundation for the platform.  Develop a 
valid quality checking system to ensure information tagged is relevant 
and accurate.  Consult subject matter expertise whenever the need 
arises.

• Regularly test the model with end users to collect feedback
Not only does it create a continuous stream of correction for model 
optimisation through process depicted below, it ensures that any 
business rules identified remain valid and accurate.

Tagging

Training

VerificationCorrection

Optimisation

Lessons learnt



Section 4. Next steps



37

What the future holds

Capturing the power of technology to improve 
transparency in our markets
–––––
Technology is one of the three focus areas identified in the HKEX 
Group Strategic Plan 2019-2021.  Against the backdrop of an 
accelerating pace of technological innovation in the financial 
industry, HKEX will continue to focus on applying new technologies 
to modernise its core functions in order to enable greater operational 
efficiency. HKEX’s ambition to be a globally trusted and innovative 
organisation is matched by its commitment to deliver the highest 
standards of integrity and transparency to the markets and 
communities it serves.

HKEX will continue this initiative with a long term view to promote 
completeness in issuer disclosures, and more generally, to apply AI 
to improve efficiency in other vetting processes.  Future areas of 
research include extending the platform developed with PAI Tech to 
results announcements and other types of regular corporate 
communications.

For further enquiries, please contact the project team at Listed Issuer 
Regulation under HKEX’s Listing Division (LIRIT@hkex.com.hk) or 
PAI Tech (contact@paodingai.com). 

mailto:LIRIT@hkex.com.hk
mailto:contact@paodingai.com
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About HKEX

–––––
Hong Kong Exchanges and Clearing Limited (HKEX) is one of the 
world’s major exchange groups, and operates a range of equity, 
commodity, fixed income and currency markets.  HKEX is the world’s 
leading IPO market and as Hong Kong’s only securities and derivatives 
exchange and sole operator of its clearing houses, it is uniquely placed 
to offer regional and international investors access to Asia’s most 
vibrant markets.

HKEX is also the global leader in metals trading, through its wholly 
owned subsidiaries, The London Metal Exchange (LME) and LME 
Clear Limited.  This commodity franchise was further enhanced with 
the launch of Qianhai Mercantile Exchange (QME), in China, in 2018.

HKEX launched the pioneering Shanghai-Hong Kong Stock Connect 
programme in 2014, further expanded with the launch of Shenzhen 
Connect in 2016, and the launch of Bond Connect in 2017.

www.hkexgroup.com

About PAI Tech

–––––
Beijing Paoding Technology Limited Company (PAI Tech), the leading 
pioneer in the field of ‘document intelligence’, provides the desktop
tools, SaaS services and enterprise-level applications for intelligent 
writing, review, and reusing of business documents. Rooted in the
financial industry with the focus on the RegTech, we aim to relieve the 
compliance and efficiency issues in financial document processing. 
Also, based on our document intelligence platform which supports
customised plug-in development, we are cultivating the ecosystem 
across various industries.

Our current clients include the China Securities Regulatory 
Commission, the three major stock exchanges in China (Shanghai 
Stock Exchange, Shenzhen Stock Exchange, and HKEX), the top 10 
securities firms in China, as well as several banks, asset management 
companies and accounting firms.

www.paodingai.com

http://www.hkexgroup.com/
http://www.paodingai.com/
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Disclaimer

–––––
The information contained in this document is for general informational purposes only and does not, and is not intended to, constitute legal advice 
on the Listing Rules or investment advice. It is not a substitute for professional advice which takes account of your specific circumstances. 
Although the information contained in this document is obtained or compiled from sources believed to be reliable, HKEX and/or its subsidiaries do 
not guarantee the accuracy, validity, timeliness or completeness of the information or data for any particular purpose. HKEX and/or its subsidiaries 
shall not accept any responsibility for, or be liable for, errors, omissions or other inaccuracies in the information or for the consequences thereof. 
The information set out in this document is provided on an “as is” and “as available” basis and may be amended or changed. HKEX and/or its 
subsidiaries shall not be responsible for any loss or damage, directly or indirectly, arising from the use of or reliance upon any information 
provided in this document.
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