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Problem Statement & Objectives ASEAN VALUERS ASSOCIATON

Compliance Challenges for Indonesian Valuers

Critical Risk from Limitations of Regulator
Role of Non- Current y Gap
Valuers Compliance Oversight

2
Influence asset Legal, - Traditional - No validated,
valuation, reputational, and compliance is systematic risk-
financial financial risks reactive, manual, based profiling
reporting, arise from and resource- mechanism exists.
taxation, and violations, intensive. - Need for real-time,
investment intentional or - Difficult to data-driven,
decisions. accidental. detect risks proactive
before they monitoring to focus
escalate. on high-risk

entities.



RESEARCH INTRODUCTION

Develop Al-
powered Risk
Profiling

Machine learning
model to assess
compliance risk
of valuers.

Problem Statement & Objectives

Objectives of Al-driven Risk Profiling

Enhance
Regulatory
Efficiency &
A cy

Prioritize high-
risk entities
for targeted
supervision.

Enable Proactive
Compliance
Monitoring

Shift from
manual, reactive
oversight to
real-time, data-
driven
assessment.
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Support Policy &
Strategy
Development:

Provide actionable
insights for
regulators (DPPPK) to
design more
systematic compliance
strategies.



RESEARCH INTRODUCTION

Problem Statement & Objectives

ASPECT
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PROPOSITION

1. List of Risk Targets Only produced at the beginning of the year Regular updates per semester
2. Risk Profile Cyclical, not updated in the current year Continuous Workflow, multi-source based and regularly updated
3. Committee Role The Sanctions Committee is limited to imposing sanctions Comprehensive Compliance Committee, involved from end to end
processes
4. Supervisory Governance supervision is not optimal More accountable governance oversight
Governance
5. Compliance Standards Not yet formulated explicitly and clearly Compliance standards are formulated more clearly and
transparently
6. Team Collaboration Limited to structural positions Inclusive — involving all work groups
7. Efficient Allocation of Less than optimal because the implementation of More efficient — implementation of tiered supervision based on
Human Resources and supervision is not hierarchical more comprehensive risk profiling
"""""""" Time
8. Analytics Model Model-Based (fixed rule based) System-Based (based on dynamic data & intelligence)
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Summary Literature

Authors (Year) Region / Sector Focus Period / Scope Key Findings Relevance to Current Study
A . Introduced the use of Al and ML in Provides foundational framework
Giudici, Centurelli & Turchetta . . . . . - . . .
(2024) Europe — Financial Professions Conceptual Framework compliance risk profiling for financial for Al-based compliance
professions. monitoring at DPPPK.
Demonstrated the predictive accuracy of Supports the methodological
Feng, Liu & Yuan (2025) China — Financial Regulation Empirical (2020-2024) LightGBM in identifying compliance choice of LightGBM for Indonesian
violations using limited datasets. valuers’ risk profiling.
Advocated for data-driven compliance Justifies the shift from reactive to
HeRB & Damadsio (2025) EU — Financial Oversight Policy Study . P proactive monitoring in Indonesia’s
frameworks over manual audit systems. .
compliance strategy.
Found that ML improves objectivity and  Strengthens argument for Al
Zhang et al. (2020) Global — Financial Services Review Study reduces bias in compliance risk adoption to enhance fairness in
detection. Indonesian regulatory processes.
. . . Emphasizes the need for
Pattnaik, Ray & Raman (2024) India — Regulatory Risk Profiling Case Analysis !—hghllghted I|m|ta'F|ons of.t.radltlonal, automated, data-driven
judgment-based risk profiling methods. .
compliance assessment.
Reddy (2025) Banking & Insurance (AML/Fraud) Empirical Showeq success of Al_ln detecting Provides benchmark for rgal-t_|me
anomalies and early risk patterns. Al-based compliance monitoring.
. . . Directly relevant to Al-based
Fuster et al. (2019) Financial Valuation Sector Global Identlf.|ed.the pot(.antla.l of Al-driven compliance in Indonesian valuation
analytics in valuation risk management. profession
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v’ Data-Centric Lifecycle: Ensures
continuity and systematic analysis

across all stages. B
. | = Project charter
v Phases: | = sIPOC diagram
. . . . l# voo A, T e e e a
1. Business Understanding: Define [+ stakaholder analysis x:ﬁ:::::::gyml I
compliance goals & regulatory I' ﬁgﬂﬂmﬁmm statistical testing
. O | " Data guality assessment |
priorities. ' ?x:?ﬁtlﬂinimﬁ 4 Data description |
2. Data Understanding: Collect and :. Y .
explore historical compliance & L' Cresthitytook | Business MM Data [ '\
: understanding JM understanding . | = Seventools of quality
risk factors. | =+ Regression analysis
ion: Clean.  Frissccoeao A - o
3. Data Preparation: Clean, :- mNm$::wmus { I' R tevestive tETORhes
* - ‘ |
preprocess, and engineer features. L e s [ L i) e
. . . | i : ) |
4. Modeling: Train supervised ML 0 ‘;f:e':“;;‘i;';'f.;‘: o { Deployment - Data | (Median imputation, GMW, .)
i i I Roll-outst | and control preparation
models to predict risk (o e e [ commion
P - mentation Co icati Ci eation 7 M 00 0
pro babilities. : = Knowledge management { - «  Problem-model-based :
: . [ Stem I decision tree
5. Evaluation: Assess model R !
performance (accuracy, AUC, SHAP). _ : x?“#fﬁhﬁ |
; : : L |
6. Deployment & Control: Integrate - ————————___ Evaluation Modeling * Dok |
. . R I'= Checklist — ANOVA |
risk scores into compliance |+ seventocls o quaity . seventoolsofquality |
. . d ti = QM visualization tools ) * DM tools of |
monitoring and continuous : Selection-of-solutions- _ _ S |
; matrix *  Classification |
improvement. . . P Chisquaretest  Chaterig |
v Key Advantage: Continuous risk " _Benchmarking *  Prediction l
____________ =  Regression J|

profiling supports Compliance = | = e
Improvement Procedure, enhancing
strategy efficiency.
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AT-Driven Risk Profiling Framework

Concept

Objective
Enable proactive,
data-driven
compliance
monitoring for
Indonesian valuers

* ObjpeiiAEisk
assessment based on
statistical models.

* Early
identification of
high-risk
professionals or
firms.

* Supports preventive
actions by
regulators before
violations occur.

Approach
Use machine

learning
algorithms to
analyze
historical data
and identify
patterns of non-
compliance.

NS

RIS

Algorithms
Used
We compare 15
classification
as a supervised-
based algorithms
to seek the best
for predicting
risk
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Data, Variables, and Model Development

v We used the data D-ﬂtangﬁe ?fl_abdgé historical data, Model Development

includes risk factors such as transaction types, previous
sanctions, and performance data of valuers

ns] gy
%

v' A supervised machine learning model was developed to

classify valuers based on their risk of non-compliance. INHERENT
The target variable for the model is whether a valuer has

been subject to sanctions, while the input variables

compliance based on past behaviors

L — i
INHERENT OPERATIONAL ~——————— | AIRISK ENGINE
TRACK RECORDS =
e Nt
Fees per Out of Scope

include transaction types, firm size, and historical ,ﬁ g — g Professional
compliance data. The model is trained on historical data OPERATIONAL _-)hg E’-,r S DEVELOPMENT  Judgement
to detect patterns and predict the 1likelihood of non- N e ¢ §

£

.g

Total of Valuers Age of Valuer Acsienment Obiects Risk Category
Total of Partners Working Hours Backdate Reports Oujc of Area
Assignments List of Risk
Total of Anomaly of Total Type of Reports
Total of Branches Assignments Reports (Long/Short) Targets
Total of Object . eq . .
Total of Income CPD Values The risk profiling framework used in this study adopts a three-

component approach based on ISO 31000 standards for risk management:
Missing Report

1. Inherent Risk: Refers to the risks associated with the profession
itself, such as the complexity of valuation services.

TRACK RECORDS HISTORY OF SANCTION 2. Operational Risk: Includes transactional risks associated with the
activities carried out by valuers.

3. Historical Risk: Pertains to the past compliance behavior of

Object Ownership Type of Object 1: sanctioned 0 : not sanctioned valuers, including their sanction history and adherence to

professional standards.

Valuation

Business Fields
Purposes
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v Early exploration revealed class imbalance, Model Comparison
where the target variable, which is binary 063063 059050 0,62 0,59

0,58
historical violation data, was unbalanced. 3 o odes Vs o ° 04902 48 047 048 050,
Typically, historical data shows that
financial professional entities rarely face
sanctions during the inspection phase.
Therefore, we decided to use an additional
SN ‘

oversampling stage to address this imbalance. &
Y

. . "\\_é O?O "b& o Q’b )booo \Q"} 24‘;’ 'bé\ rgo‘o\s\\ KO( \\ & - (\é‘\
v'We compared several machine learning models to AR S &g 5& N @é € & &

o . . o . . & -8 a3 e -
predict risk probabilities, with the best & & & A &
model being LightGBM, which achieved an AUC R & &

> .
score of 0.63 and an accuracy of 63%, & «®
indicating strong discriminatory power in
differentiating between high-risk and low-risk ¥ Accuracy BAUC
valuers. This performance was further
valddat+oad +hraiinh fasxtiira imnart+anrca anal ysis

Leaming Curve for LGBMClassifier I
10 ——— - - . . . . . . . .

* - mos{ The LightGBM model showed promising potential in early development, as it exhibited a
0s / \nce good learning curve (training and cross-validation scores) even with limited training data
e (as below). We believe that further model development will yield better accuracy results

) as more training data is collected through field inspections.
§ 07
06
0.5
—&— Training Score
0.4 Cross Validation Score

40 60 80 100 120 140
Training Instances
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1-‘"‘0'“ t~/ 'é.')‘ ' D" g\'\) ™
Feature Importance Plot m M

usia L
Sum of Lelang L
packdate ¢ v' Based on this best-performing
fee ° model, we can also explore the

most dominant factors
jumlah_rekan ° influencing the prediction
results (as below). Age and the
number of valuations with
auction purposes are more
dominant compared to other
jumlah_penugasan_luar_wilayah hd factors in dztermining the
predicted risk outcomes.

I
L
2
©
&

Sum of Pabrik °

kewajaran_ttd ®

Sum of Mixed Use ®
jumlah_nilai_objek ®
0 10 20 30 40 50

Variable Importance
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Risk Profiling Trend

Higher Risk

A

Risk Consequence : Total of Object Values

Hi-Hi 2023 (11.4%)

Il-li-Med 2023 (16.8%) -

Hi-Low 2023 (30. 85°/Q

\\\

—_— e 2

J Hi-Hi 2024 (14.88%)

J Hi-Med 2024 (17.76%)

Hi-Low 2024 (28.4@{\ _

Hi-Hi 2025 (3.72% )
Hi-Med 2025 (11.64%) l

- 4 / 7
HirLow 2025 (10.68%) l

-Hi 2025 (24.37%)

b/

. 0. Y v y‘eggaed 2025 (9.6%) []

I Med-Hi 2023 (16.567%)/{/-«_.'.{'..-&‘\:,__/ : I Med-Hi 2024 (164 4,; e ’Med ~ 2025 e4n
~ J . /
. Med-Med 2925 ,('19'-8,?@),,,-_.‘,:\\’;L_}_{;\f\‘ l Med-Med 2024 wéf #s EOW-H’ o0 —
Il fed-Low 2023 (6:24°%] SSesSNT T Lo 202 oy, .Lov:Med 2025 (19.2%)
M-Eow-Hi 2023(588%) —-tow-Hi 2024.(3.96%) — -
= e
>

2023

2024

2025
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Benefits of AI in Compliance - e

©
Kl
mll .
Strateg|c Development
: ) ) * Requires integratio der
17M535;95rﬁiﬂ§9r§hlft in how data sources and cosglzhoﬁgemodel
compliance is managed across the refinement.
Indonesian valuation profession. e Future models should reduce
« AI-driven Risk Engine enhances reliance on human judgment
accuracy, efficiency, and through improved predictive
proactive monitoring. capability.
% :
perational Long-term Impact
B?[Q&I’H@ies high-risk valuers more * Supports sustainable
effectively. compliance ecosystems.
+ Enables data-driven allocation of * Enhances public trust and
regulatory resources. professional quality among
. Strengthens transparency and Indonesian valuers.

accountability in supervision.

Integration P Reqgulation al Qualit
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Challenges and Limitations of the Approach

Data Availability & Quality

[ L
* Model accuracy is highly dependent on the quantity and

quality of historical data.

+ Limited datasets (e.g., short time coverage or incomplete
records) reduce predictive reliability.

+ Expanding data sources from recent years can enhance
accuracy and generalization.

Dependence on Professional Judgment Continuous Learning Process

* In cases of data gaps or insufficient history, expert * Model performance is expected to improve
interpretation is still required. as more data becomes available.

» Machine learning supports decision-making but cannot fully * Requires iterative updates and validation
replace human expertise. within the compliance monitoring cycle.

» Ongoing collaboration between Al systems and domain
experts is essential for trustworthy compliance assessment.
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Compliance Strategy for Financial Profession

PROCESS

OUTPUT

Finance
Professional

REWARD

[ Finance Professional Service ]

. - SUPERVISION REPORT
* Business activity reports

* Continuing Professional
Education reports
* Other service reports

N

N,
’

TRAINING REPORT
DESK REVIEW
LETTER OF APPEAL
MONITORING RESULT
CLARIFICATION REPORT
ADMINISTRATION SANCTION

_________________________________________________

[ Finance Professional ]
Development

* List of administrative sanctions
* quality standard procedure
assistance list

e —————————————
(P ——

-
’

I e

»

INSPECTION REPORT

[ Finance Professional Inspection ]

DESK REVIEW
INSPECTION SANCTION

* List of inspection results
* List of inspection sanctions

External Data
[_m
sanctions

[ association sanctions ]

L A g

DECISION SUPPORT
RISK ENGINE SYSTEM SYSTEM (DSS)

S o2
wr SlLo

DECISION SUPPORT

.~‘
»
-

Anomaly  Model Network
Detectio Predicti Analystis,

Elf DASHBOARD
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Risk Engine Development for Big Data Analytics

2

E

(®) riskEngine signin [ ok 0
Aluntan Publk Kansunan Pajsk Penis Pubi Auaris
F— | Dashboard Analis R —
2, Total Profes! Akuntan Pubiik [ Total Laporan Akuntan Pubik Diproses () Aurasi Prediksi Profes Akuntan Pubik O Total Laporan Akuntan Pubilk Ditinjsu
52 168 92.4% a2
2% dunbuania 4% g o 0% drbutn s 18%  dorban s
PR v——
= . .
Sistem Risk Engine
- 8 Distribusi Profesi Akuntan Publik per Risiko Distribusi Laporan Akuntan Publik per Risiko
Kementerian Keuangan Republik Indonesia o
Platform analisis risiko terpadu untuk mengoptimalkan pengawasan ‘
profesi keuangan dengan teknologi machine learning dan data §
analytics terdepan ’ i
ko fenc fiako Togg! [— mRko Tirgy
Tren Hasil Prediksi vs Verifikasi

Mulal A B EksplorasiData
Alur Risiko Akuntan Publik
Desbaredngin i mded dengon bl veiiascieh rofessions ugenaet

Aur Kisifivas den distrbusi ko eretas s tshun
I o

Fitur Unggulan
I o 3

Solusi untuk risiko dan profesi
keuangan
a |
-
Risk Assessment Analyti Multi PP D: .
Alur Distribusi Risko
Analisis risiko komprehensif Prediksi risiko berbasis data Mendukung berbagai profesi Eksplorasi data mendalam Disrbusi kas kas| rsko etk dsngan progpess penyelession
untuk profesi keuangan dengan historis untuk perencanaan keuangan dengan kustomisas! dengan fiter dan visualisasl yang
: 2 A © Rsiko Rencsh 72196 scessl em—— 750%
strategis yang lebih baik parameter per kategor| interaktif
® Rsiko Sedang 0%
@ Risiko Tingg ey
161 214
Daam Progress Totw Emras

algoritma machine learning
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5 Doshbourd Anls © Risk Prediction ¥ JI Monitoring & Evaluasi :
[ i " % Dashboard BoD Manitoring performa slslzgmda'levzluas\ kegiatan pengawasan G Fetenten
B Data Explosation Data Prediksi Prediks| Individual Konfiguras| Fitur ML & Data Esploration Risk Engine. Pengawasan Pembinaan Pelayanan

@ FRisk Prdiction
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B Komita Kepatuhan Total Enttas = Fata-ata Shor Risko w o Tinggl - Kansekuens Mayor ® @ Komte Kepatuban
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Risk Engine Development for Big Data Analytics
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Integrated Risk Profile

Public Accountant Risk 1 Tax Consultant Risk
Profile Profile

Public Valuer Risk
._

Profile —o Actuary Risk Profile
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