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Abstract

Sustainability Reporting (SR) has become a critical mechanism for corporate accountability.
However, assessment approaches based on Disclosure Indices (DIs) are constrained by subjectivity,
inconsistency, and time inefficiency because they rely on manual evaluation. This study addresses
these limitations by developing an Al-assisted assessment system using a Design Science Research
(DSR) approach. The proposed artifact integrates large language models (LLMs) with a two-tier web
architecture and adaptive document processing. The system is evaluated using sustainability reports
from 99 firms listed on the Indonesia Stock Exchange (IDX). Results demonstrate that the Al-
assisted approach significantly improves efficiency, reducing the average assessment time per report
from 92 minutes to 35 minutes, representing nearly a threefold improvement. However, accuracy
analysis reveals limited agreement with human assessments, with a weighted kappa value of 0.307
and a mean absolute error (MAE) of 1.09, indicating that while the system captures general
disclosure patterns, it lacks consistency in reproducing expert judgment. This study contributes to
the literature by demonstrating the feasibility and limitations of Al-assisted sustainability disclosure
assessment, positioning it as a complement to, rather than a replacement for, expert evaluation.

Keywords: Sustainability Reporting, Sustainable Procurement Disclosure Index, AI-Assisted

Assessment, Large Language Models, Design Science Research

1. Introduction
Sustainability reporting (SR) has become a central mechanism of corporate accountability, driven
by regulatory pressure and stakeholder demand for Environmental, Social, and Governance (ESG)

transparency . This pressures companies to adopt Disclosure Indices (DIs) to structure and
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evaluate sustainability disclosures. Among these, the Sustainable Procurement Disclosure Index
(SPDI), proposed byLau et al. [19], provides a systematic framework for assessing sustainability
and transparency in procurement processes.

However, prior studies indicate that the expanding scope of disclosure indices introduces several
challenges, particularly in maintaining consistency and timely adherence to evaluation criteria.
These processes remain highly dependent on manual content analysis, making them subjective,
time-intensive, and difficult to scale [4, 11, 15]. Although manual evaluation of disclosure quality
can reduce information asymmetry and improve market efficiency [1, 38], it is constrained by
variability in human interpretation and limited processing capacity.

To address these limitations, this study proposes an Al-assisted approach for SPDI-based
sustainability disclosure assessment. The proposed system leverages Large Language Models
(LLMs) with structured prompt engineering to automate indicator-level evaluation of
sustainability reports. Empirical evaluation on 99 firms listed on the Indonesia Stock Exchange
(IDX) shows that the Al-assisted approach substantially improves efficiency, reducing assessment
time by nearly threefold. However, the results also reveal limited agreement with expert judgment,
indicating that while LLMs can capture general disclosure patterns, they struggle to reproduce
nuanced human interpretation.

These findings highlight both the potential and limitations of Al-assisted sustainability disclosure
assessment. Consistent with prior research on Al augmentation in evaluative tasks [27, 29, 39],
the results demonstrate how Al can augment human evaluative work by improving scalability and
reducing cognitive load, while human expertise remains essential for contextual interpretation and
judgment under ambiguity. These results suggest that Al can serve as an efficiency-enhancing
tool in sustainability assessment, though expert oversight remains necessary for reliable
scoring[5].

The remainder of this paper is structured as follows. Section 2 reviews prior literature on
sustainability disclosure, disclosure indices, and Al-based assessment. Section 3 presents the
Design Science Research (DSR) approach adopted in this study. Section 4 describes the design of
the Al-assisted assessment artifact, including the conceptual model, system architecture,
workflow, and core algorithms. Section 5 details the implementation, covering ground truth
construction, prompt engineering, and evaluation procedures. Section 6 discusses the implications
of the findings for Al-assisted sustainability assessment. Finally, Section 7 concludes the paper

and outlines limitations and directions for future research.

2. Literature Review



This section provides the theoretical foundation for the study by examining key concepts and
frameworks related to sustainability reports (SRs), disclosure indices (DIs), and the implications
of Al and LLMs for assessment.

2.1. Sustainability Disclosure Practices and Corporate Reporting Dynamics

A Sustainability Report (SR) is a critical disclosure document that companies must produce to
remain relevant in the global business landscape. SR is an obligation because it enhances
stakeholders' understanding of corporate operations and accountability. Environmental, Social, and
Governance (ESG) considerations are fundamental to this document, as they demonstrate how
companies achieve the Sustainable Development Goals (SDGs). Hence, the growth of SR is related
to transparency, driven by increasing stakeholder expectations and evolving regulatory requirements
that now mandate SRs as part of annual or integrated reporting [6, 9].

Sustainability reporting adoption is now near-universal among large firms, with increasing emphasis
on disclosure quality and assurance. In Indonesia, climate-related risk disclosure increased from 77%
in 2021 to 88% in 2022, reflecting growing recognition of the need for ESG transparency.

2.2. Measurement Frameworks for Sustainability Disclosure

The Sustainability Disclosure Index (DI) is a commonly used tool in SR. There is a difference
between DI and Sustainability Standards based on their purposes. DI is a systematic and
quantitative method for assessing how transparent companies are in disclosing their sustainability
performance to stakeholders [19]. On the other hand, standards are rules or guidelines that
companies are expected to follow when preparing SR or other ESG-related reports [32]. Driven
from these differences, DI is constructed by identifying a list of disclosure items based on
established standards, such as DJSI, GRI, SIGMA, UNGC, and even the National Voluntary
Guidelines on Social by the Ministry of India [24].

Building on the general concept of DI, more specific instruments have been developed, such as
the Sustainability Report Disclosure Index (SRDI) and the Sustainability Reporting Index (SRI).
SRDI refers to the direct application of DI in line with established sustainability standards, such
as GRI [24]. Prior research developed a coding scheme for measuring sustainability disclosure
quality, where a value of 0 indicates no disclosure and a value of 1 indicates disclosure. In contrast,
SRI has a distinct approach, combining more than one existing sustainability standard (other than
GRI) and featuring six assessment scales, which range from 0 to 5. Regarding SP, Lau et al. [19]
developed the Sustainable Procurement Disclosure Index (SPDI), which assesses businesses' SP
performance using 33 GRI indicators.

2.3. Artificial Intelligence and Large Language Models for Automated Disclosure

Assessment



Artificial Intelligence (AI) has emerged as a significant tool for sustainability assessment,
particularly through its capacity for large-scale textual analysis. Recent literature demonstrates
that Al technologies, including natural language processing and machine learning, can facilitate
systematic evaluation of corporate disclosures [18, 34]. Furthermore, textual analysis has been
employed to extract ESG initiative factors from sustainability reports, demonstrating the potential
of computational methods for disclosure assessment [35]. However, an Al-assessor has not been
implemented for SR, particularly for evaluating the accuracy of the company's reported
information. Al has the potential to improve assessment efficiency, although its outputs remain
constrained by prompt design and lack the interpretive flexibility of human judgment [16]. This
study uses Large Language Models (LLMs), which perform tasks such as document
summarisation and content classification [8, 33] to automate the assessment of sustainability
disclosures against SPDI indicators [2, 22].

2.4. Related Works and Research Gaps

Al-driven automation has shown potential for reducing organisational burdens in sustainability
accounting [7]. Recent studies have applied text-mining and dictionary-based approaches to assess
ESG disclosure compliance across industries and regulatory frameworks [23, 31], positioning Al
as a catalyst for sustainable accounting. In parallel, Minn [25] have explored related approaches
in other assessment domains, demonstrating Al's broader capacity to process textual data and
reduce manual evaluation workload.

Although Al has shown potential in ESG reporting and sustainable accounting, existing research
does not adequately specify the role of procurement disclosures in these areas. Current approaches
lack alignment with SPDI indicators, particularly in capturing supply chain transparency, supplier
standards, and other procurement-related sustainability practices. Moreover, much of the existing
literature remains conceptual, with limited empirical testing and practical application. This gap
underscores the pressing need for Al-driven models that are closely tied to SPDI.

Existing disclosure studies often take a generalised approach to ESG or SR, rarely focusing on the
unique characteristics of procurement-related data, which involve complex layers of contextual
indicators. A practical solution to this problem is to leverage NLP and machine learning to
systematically process procurement-specific disclosures and translate qualitative narrative data
into quantifiable metrics. Such an approach is crucial for enhancing the reliability and
comparability of SPDI assessments, supporting regulatory compliance, and informing decision-
making for investors, regulators, and other stakeholders.

3. Research Approach



This study adopts Design Science Research (DSR) to develop and evaluate an Al-assisted
assessment artifact. DSR is well-suited to Information Systems research where the goal is to create
innovative artifacts that solve real-world challenges [3, 13, 14].

This study applies DSR by developing an Artificial Intelligence (Al)-based prototype system to
automatically evaluate SR. The methodology is divided into two stages: prompting and Al
creation. The prompting stage, which includes theoretical development, will be incorporated into
the Al prompting; meanwhile, the AI-Creation stage will focus on the Al's technical development.
Peffers et al. [28] 's six steps of Design Science (DS) are adopted in this research, which spans
from problem identification to the final communication of results.

The process begins by defining the relevant problem and explaining why it matters to the research,
followed by formulating specific goals that the researcher must meet. Once the groundwork is
laid, the artifact design is created for the Al-based assessment system. The latter stages focus on
testing the system, examining how effectively it assesses the SR, sharing the outcomes,
innovations, and practical benefits of the developed artifact. A detailed overview of each stage, as
applied in our research, is presented in Table 1.

Table 1 Design Science Research (DSR) Stages Applied in Developing the Al-Assisted

SPDI Assessment System
DSR Stage Related Details
Stage 1: e Human assessment is prone to bias due to subjectivity, varying
Problem interpretations, and inconsistent evaluation results.
Identification e Human assessment is more time-consuming because it requires

manual review, interpretation, and judgment of complex

information
Stage 2: e To create an Al-based assessment system that improves efficiency
Objectives in sustainability disclosure assessment.

e Creating an Al-based assessment system significantly reduces

assessment time by automating data processing and analysis.

Stage 3: Design e Adaptation of the SPDI scoring from the original binary (0-1)
scheme used in prior studies to a finer-grained 0—4 scoring system
to capture varying levels of disclosure quality.

e Retrieved and analysed SR contents using text extraction and
Optical Character Recognition (OCR).
e Used LLM API to detect index disclosure based on SPDI.




e Human assessment for the final check of Al-based assessment

products.
Stage 4: e Run the Al-based assessment system on a web application using
Demonstration four different SRs.

e Display the differences of SPDI scores between the ground truth

of human-assessment and Al-based assessment.

Stage 5: e How accurately does the Al result towards human assessment as
Evaluation the ground truth?

Stage 6: e Discussion of model results and the practical contributions.
Communication e Analyse the key differences in SPDI scores between a human

assessor and a developed Al.
e Presenting the final artifact and analysing the practical

implications of Al-assisted SR assessment.

4. Artifact Design: AI-Assisted SPDI Assessment System

To operationalise the proposed framework, this study develops a dedicated artifact that integrates
sustainability standards, disclosure indices, and Al technologies. The artifact is described across
four subsections: the conceptual model, which outlines the theoretical foundation; the system
architecture, which specifies the technical design; the system workflow, which details end-to-end
interactions; and the algorithms that drive data extraction and indicator evaluation.

4.1. Conceptual Model of AI-Assisted SPDI Evaluation

The conceptual model proposed a simplified yet systematic framework for applying Al to evaluate
SR through the SPDI. The model consists of three main elements: Data Input, SPDI Aim, and
Output, which are interconnected to ensure a structured flow of information from reporting
standards to measurable outcomes.

The data input stage draws from three primary sources. First, the GRI Standard serves as the
normative foundation, providing globally recognised guidelines for sustainable disclosure. These
standards are translated into the SPDI framework, which operationalises procurement-related
disclosure into measurable indicators. Second, the SR of listed companies provides the empirical
data that will be evaluated using the SPDI framework. Together, these inputs form the raw

material for the subsequent Al-driven analysis.



In the SPDI Al stage, the process is mediated by Prompt Engineering, which functions as the
critical bridge between the SPDI framework and the capabilities of Large Language Models
(LLMs). Prompt engineering ensures that SPDI indicators are accurately represented in queries
submitted to the Al system. This structured interaction allows the Large Language Model (Al) to
extract, classify, and score relevant information from SR in a manner consistent with SPDI

indicators.

Data Input Data Process

( GRIStandards )
Output
. . - —
! P 7( Promp Engincering ) X ', SPDL
{ SPDI ) / \\ Rating Worksheet
Large Language Model
( SR Listed Company (AD)

Figure 1 Conceptual Model of the Al-Assisted SPDI Assessment Framework Integrating
GRI Standards, LLLM Processing, and Structured Outputs
The final output of the process is the Sustainability Rating Worksheet, which consolidates the
Al evaluation results into a structured, replicable format. This worksheet provides transparency
and consistency, enabling cross-company comparison of sustainability performance. Overall,
this conceptual model demonstrates how integrating international sustainability standards, a
structured disclosure index, and Al technologies can streamline the assessment of SR. The
conceptual model is visualised in Figure 1.
4.2. System Architecture of the AI-Assisted Assessment Platform

The application employs a two-tier web architecture that separates the presentation layer
(frontend) from the application and data layers (backend). The frontend is implemented with
Next.js for server-side rendering, while user authentication is managed through Clerk.
The backend is centred on a Python API that orchestrates data flow and business logic. Upon
receiving authenticated requests, the API retrieves source documents, performs text extraction,
and constructs structured instructions for Gemini LLM through a dedicated prompt-engineering
module. The LLM performs document understanding, evidence extraction, and indicator

mapping. Data persistence combines a relational database for structured results and object
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storage for source documents and generated worksheets. Figure 2 illustrates the overall system

architecture.

User

Frontend

Backend

Project Context
e

Gemini LLM Phyton APT |(—)| AWS 83 Bucket
Neon DB

L_

Figure 2 System Architecture of the AI-Assisted SPDI Platform Showing
Frontend, Backend, LLM Integration, and Data Storage Layers

End-to-end execution proceeds from user authentication and document upload through text
extraction, prompt construction, and model invocation, with results persisted for querying and
traceability. The design ensures reproducibility by recording prompt hashes, model versions, and
document checksums. Security is enforced with JWT verification, TLS in transit, encryption at
rest for S3 and Neon, and per-project data isolation to support multi-tenancy. Scalability is
achieved through Next.js rendering strategies, serverless Postgres autoscaling, and elastic object
storage. Reproducibility and auditability are ensured by recording prompt hashes, model versions,
parameters, evidence locations, and document checksums, enabling exact re-runs and systematic
error analysis.

4.3. System Workflow for AI-Based SPDI Evaluation

Furthermore, the system workflow is visualised using a sequence diagram to illustrate the dynamic
interactions among components over time. This diagram illustrates the entire process, from a user

uploading a file to the system displaying the final analysis results, as shown in Figure 3 below.
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Figure 3 End-to-End Workflow of the AI-Assisted SPDI Assessment Process
from Document Upload to Structured Evaluation Output

The system begins with a user-initiated upload of a PDF document via the web frontend. The
backend persists the original artifact in object storage, then performs text extraction. For each
SPDI indicator, the backend constructs a task-specific prompt that combines the indicator
requirements with the extracted text and dispatches it to the LLM, which returns a structured score
and rationale.
Results persisted to a relational store, while raw files remain in object storage, supporting
reproducibility and traceability. The frontend renders SPDI scores and explanatory reasoning to
the user.
Finally, the frontend renders the summary to the user, providing SPDI scores and explanatory
reasoning, and may expose links to the underlying artifacts for verification purposes. The
architecture thus enforces a clean division of responsibilities: the frontend handles interaction and
visualisation; the backend orchestrates storage, extraction, and model calls; the LLM performs
indicator-specific evaluation; and the storage tier guarantees durability and traceability. This
design facilitates extensibility (by adding indicators or models), auditability (by retaining both
inputs and outputs), and reproducibility (through deterministic extraction and structured result
storage).
4.4. Core Algorithms for Document Processing and Indicator Evaluation
This section consists of two main algorithms. PDF Text Extraction with OCR Fallback, which
ensures accurate text capture from both native and scanned sustainability reports. Al-Powered

Indicator Evaluation, which uses a large language model with structured prompts to assess SPDI



indicators and generate scores, reasoning, and usage data. Together, these algorithms form a
robust pipeline that spans from raw document ingestion to structured evaluation.

PDF Text Extraction with OCR Fallback

The algorithm in Figure 4 is crucial for handling the variety of PDF formats found in SR. It first
attempts standard text extraction, then automatically switches to an Al-powered Optical Character
Recognition (OCR) process if it detects that the PDF is a low-quality scan or an image-based PDF.

This adaptive approach ensures a robust data input for subsequent Al analysis.

Algorithm 2: EXTRACT_PDF_TEXT WITH_OCR_FALLBACK

1. FUNCTION EXTRACT PDF TEXT WITH _OCR_FALLBACK(pdf content):
/I Attempt standard text extraction with PyPDF2

2. text_pypdf2 = PYPDF2 EXTRACT(pdf content)
/I Check if the extracted text is too sparse (indicates a scanned PDF)
3. IF average characters per page(text pypdf2) < threshold:

// Fallback to image-based OCR using Gemini 1.5 Pro
4. LOG("Detected scanned PDF. Starting Gemini OCR process."

// Convert each PDF page to an image

5. pdf pages as images = CONVERT PDF TO IMAGES(pdf content)
6. text gemini_ocr =
// Use Gemini to extract text from each image
7. FOR each page image IN pdf pages as images:
8. text_gemini_ocr += GEMINI_VISION API CALL(“Extract all text from

image”, page image)

// Compare the quality and return the best result

9. IF LENGTH(text _gemini_ocr) > LENGTH(text pypdf2):

10. RETURN text gemini_ocr
11. ELSE:

12. RETURN text pypdf2

13.
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14. ELSE:
// Return the standard extraction if it was successful
15. RETURN text pypdf2
16.
17. END FUNCTION

Figure 4 Adaptive PDF Text Extraction Algorithm with OCR Fallback
for Robust Processing of Machine-Readable and Scanned Documents
Al-Powered Indicator Evaluation
The algorithm in Figure 5 leverages the power of a pre-trained LLM through precise prompt
engineering. Instead of being trained on a labelled dataset, the LLM is given structured
instructions to evaluate an SPDI indicator. This approach enables highly flexible, efficient

assessment without the need for extensive manual data labelling or model training.

Algorithm 3: EVALUATE_INDICATOR_WITH_GEMINI

1. FUNCTION EVALUATE INDICATOR WITH GEMINI(extracted text,
indicator details):

// 1dentify relevant sections of the report based on

D

keywords = indicator_details.keywords

3. relevant sections = FIND RELEVANT SECTIONS(extracted text, keywords)

// Prepare a structured prompt for the LLM
prompt = CREATE PROMPT(
"You are an expert ESG analyst. Assess the following report.",
indicator details.description,
relevant_sections
)
//'Send the prompt to the Gemini LLM
9. response = GEMINI_API CALL(prompt)

® N ok

// Parse the LLM's response to extract structured data
10. score = PARSE _SCORE_FROM_ RESPONSE(response)
11. reasoning = PARSE REASONING FROM RESPONSE(response)

11



12. token usage = PARSE TOKEN USAGE FROM RESPONSE(response)
13.

14. RETURN score, reasoning, token usage

15.

16. END FUNCTION

Figure 5 LLM-Based Indicator Evaluation Algorithm for SPDI Scoring
with Structured Prompt Engineering

5. Implementation and Evaluation

This section explains the implementation of the proposed Al-assisted SPDI assessment system,
with particular attention to data preparation, assessment design, and evaluation procedures.
Subsection 5.1 describes the development of the ground truth and the preparation of SPDI-based
assessment data. Subsection 5.2 explains the design of the Al-assisted assessment framework,
including the use of scoring worksheets, guideline construction, keyword strategies, and reference
excerpts from sustainability reports. Subsection 5.3 presents the evaluation procedures used to
assess the system's efficiency and accuracy. The overall implementation structure, spanning from

standards definition (L1) to evaluation (L5), is summarised in Figure 6.

l GRI Standards ‘

Sustainability Performance Disclosure Index (SPDI)
Evaluation Framework & Scoring Criteria
I T
i
: Bustainability Report (SR) : : Bustainability Report (SR) SPDI Guidelines
1
‘ Human 2 Assessor ‘ I Al Asse t Modul ]

Figure 6 Implementation Framework of the AI-Assisted SPDI Assessment System
5.1. Ground Truth Development and SPDI-Based Data Preparation
This stage corresponds to Layers L1-L2 in Figure 6, where GRI standards are operationalised into

the SPDI framework, and ground truth is established. The ground truth was established through
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manual assessment by a trained human assessor with expertise in sustainability reporting and GRI
standards. The primary assessor independently evaluated all 99 reports using a structured coding
protocol based on the SPDI framework. To validate scoring consistency, a subset of reports was
independently coded by a second assessor, and discrepancies were resolved through discussion
and consensus. While a formal inter-rater reliability coefficient was not computed across the full
dataset, the adjudication process ensured that the ground truth reflects considered expert judgment
rather than a single unverified assessment. The authors collected the SRs from the top 99
companies listed on the Indonesia Stock Exchange (IDX) as ranked by Kompas100. The authors
specifically selected the SRs from 2024 because this period provides the most recent and relevant
data available for the analysis.

Once all sustainability reports are compiled, the disclosures are evaluated using the Sustainable
Procurement Disclosure Index (SPDI), adapted from the Global Reporting Initiative (GRI)
standards. The SPDI consists of 33 procurement-related indicators that provide a structured
framework for assessing transparency and sustainability in corporate procurement activities Lau
et al. [19]). A five-point scale coding scheme (0-4) outlined in the SPDI will be used in this study.
A score of 4 indicates that the information related to a specific index is comprehensively reported,
while lower scores, such as 0 or 1, reflect limited or absent disclosures. If a particular index
frequently receives a core of 4 across companies, it suggests it is well-addressed in the SR.
Conversely, a lower score implies insufficient information.

5.2. Prompt Engineering and Al-Assisted Assessment Framework Design

This stage operationalises the Al assessment track in Layer L3 and produces structured outputs in
Layer L4. The implementation distinguishes between a human assessment track and an Al-
assisted assessment track, enabling parallel evaluation and direct comparison. After all
information elements and the scoring system are established, the next step is to create the Scoring
Worksheet based on the human assessment. The worksheet contained the names of the 99
companies, their sectors, the 33 SPDI indicator results from the previous step, and the SPDI score
for each company. In addition to the scoring worksheet, the guideline worksheet is also essential
for supporting this step. The guidelines worksheet includes all GRI indicators listed in the SPDI
framework, along with definitions and disclosure expectations outlined by the GRI. The
arrangement of this worksheet is designed to allow Al to interpret the documents accurately,
leveraging the knowledge of a human assessor.

Keyword matching strategies include broad, phrase, and exact matching [20, 26]; this study adopts

an exact-match approach to ensure precision in identifying disclosed information.
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Table 2 Examples of Indicator-Specific Keywords Used in Prompt Engineering for

1.
2.
3.
4.
5.

ESG Structure
Director of Sustainability
Sustainability Governance Structure

Governance Structure

SPDI Evaluation
Index | Keywords Frequently Reported Related Statement in SR
2-9-b Sustainable Governance Structure Overall, responsibility for sustainability

activities within Jasa Marga is carried out
by the President Director together with
other Directors, with full supervision
conducted by the Board of Commissioners.
In accordance with OJK Regulation No.
51/POJK.03/2017 on the Implementation of
Sustainable Finance for Financial Services
Institutions, Issuers, and Public Companies,
the Company has established a governance
structure by  appointing employees,
officials, and/or work units responsible for
implementing sustainability within Jasa
Marga. This addition is made to comply
with the regulations. Additionally, it
demonstrates the company's commitment to
supporting sustainability programs and
achieving the Sustainable Development

Goals (SDGs).

As part of an example-based approach, the following process in this study incorporates reference

excerpts from manually assessed SRs. This strategy has been shown by Brown et al. [8] and Minn

[25] to enhance interpretability in prompting tasks. The reference-based approach ensures that the

LLM follows the researcher's screening decisions rather than relying solely on synthetic or

hypothetical examples. For each indicator, one or two real-world quotations are drawn from the

listed companies, all of which have been evaluated by the researcher. In cases where the index

lacks a reference for specific points (0—4), as no company has achieved those scores, the

explanation will be described according to the researchers' understanding. Other reference
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methods applied; this involves researchers directly referring to the SRs according to the required

index, following careful consideration, particularly concerning the highest scores.

After this process, the Al was given the 99 sustainability reports (SRs) to process sequentially,

with each report evaluated indicator by indicator against the provided guidelines. The assessment

includes not only the scores themselves but also the reasoning behind each score, enabling

transparency in how the Al evaluated the reports.

5.3. Evaluation of AI-Based Assessment: Accuracy and Efficiency

This stage corresponds to Layer L5, where both human and Al outputs are evaluated. To enhance

the speed and validity of the Al system's scores, an evaluation comparing the results of a human

assessor (ground truth) and the Al system is being conducted. There are two types of evaluation

tests: efficiency and accuracy. Each test offers a distinct perspective on the system's effectiveness.

The following subsections explain the procedures for each evaluation test.

A. Efficiency Evaluation: Assessment Time Analysis

The measurement assesses how quickly a human or Al can evaluate a single SR. A previous
manual measurement by a human assessor took over 1 month to assess 99 SRs, with
approximately 1 SR requiring 1/2 hour to 1/2 day to be fully assessed, indicating a time-
consuming process. This also highlights the limitations of manual assessment, particularly
given the large number of reports. Hence, this test demonstrates how Al can reduce the time
required to assess SR. The procedures are listed in Table 3 below.

Table 3 Procedure for Efficiency Evaluation of Human and Al-Assisted Assessment

Speed Test Procedure

1 | The assessor prepares the SR for evaluation.

2 | The assessor prepares the manual, Al evaluation sheets, and a timer (from a

mobile phone or laptop).

3 | The assessor conducts the assessment manually (human evaluation).

4 | The assessor starts the timer at the beginning of each assessment category
(Governance, Economic, Social, and Environmental) and stops it upon

completion of that category.

5 | The recorded time is entered into the evaluation sheet.

6 | Steps 4-5 are repeated until all categories have been assessed.

This speed test was conducted by four independent human assessors who were not

affiliated with the researchers of this study. The assessors were university students with
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no prior knowledge or experience in sustainability reporting. These assessors were given
the researchers' guidelines to assess the SR.
The findings indicated a consistent advantage of Al in reducing assessment time, though
the magnitude of the efficiency gain varies across cases. Al-assisted assessment
consistently required less time than manual evaluation, with efficiency gains ranging
from 24.25% to 170.46% across the four tested reports. On average, the manual
assessment takes 92 minutes and 27 seconds to complete. In comparison, the average
completion time for Al assessments is 35 minutes and 1 second. The results represent a
nearly threefold reduction in time efficiency. Specifically, the highest efficiency was
recorded in Indofood, with a reduction rate of 170.46%, followed by Antam at 67.11%,
BIJB at 50.60%, and Semen Indonesia at 24.25%.

B. Accuracy Evaluation: Agreement with Human Assessment
The test aims to evaluate the accuracy of the Al assessment by comparing it to a human-
assessed score. In this context, the human assessor is treated as the ground truth,
reflecting expert-informed evaluation based on established SPDI guidelines. 99 SRs will
be equipped for this accuracy test. The procedures are listed in Table 4 below.

Table 4 Procedure for Accuracy Evaluation Using Human Ground Truth and AI-

Assisted Scores

Accuracy Test Procedure

1 Human assessor manually assessed all 99 SRs.

Human assessor enters the assessed score in the scoring worksheet.

Al generates a score for 99 SRs.

Al-generated assessment score in the scoring worksheet.

| B W N

Side-by-side comparison.

Weighted kappa is used to compare the ground truth and Al-assisted scores, accounting for the
degree of disagreement [21]. The results indicate a weighted kappa value of 0.307, reflecting
minimal agreement.

Mean Absolute Error (MAE) quantifies the average deviation between two sets of scores [36].
The resulting value of 1.09 indicates that the Al model deviates by approximately one point on
average. This result is consistent with findings from Bland—Altman analysis, further illustrating

the degree of agreement and the extent of variation between the two ratings by analysing the
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average difference and the spread of discrepancies across observations [12]. Figure 7 presents

the Bland-Altman graphical plot.

Scatter Plot of Diff_Score by Mean_Score

4.00
° °
200
o
o o [+] [+ o
o
w| ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
£ o °
o
o o a o
-2.00
° °

Mean_Score

Figure 7 Bland—Altman Analysis of Agreement Between Al-Assisted and Human
Assessment Scores

The Bland-Altman plot further supports the finding of minimal systematic bias between ground
truth and Al-assisted analysis, as indicated by the mean difference of 0.24, which is close to zero.
However, the wide limits of agreement, ranging from negative 2.83 to 3.31, highlight substantial
variability in the differences.
Another finding can be observed at the firm level, where several distinct patterns emerge in the
differences between the ground truth and Al-assisted scores. To quantify firm-level agreement,
we computed a simple exact-match percentage: for each firm, the proportion of the 33 SPDI
indicators where the Al score exactly matched the human score. A particularly notable contrast is
observed between Perusahaan Gas Negara (PGN) and Zyrexindo Mandiri Buana. PGN
demonstrates a relatively low exact-match rate of 15%, whereas Zyrexindo Mandiri Buana
achieves a substantially higher rate of 92%.
This disparity can be further explained by an additional unweighted analysis at the individual
rating level, in which matching scores were assigned a value of "1" and non-matching scores were
assigned a value of "0". This approach was employed to capture the exact agreement between the
two ratings, thereby providing a clearer comparison of how consistently the Al replicates human
evaluations across different firms.
6. Discussion
This section interprets the results from the evaluation stage (Layer L5 in Figure 6), focusing on
the efficiency and accuracy of the human and Al assessment tracks.

6.1. Efficiency Gains in Al-Assisted Sustainability Assessment
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The results demonstrate a consistent advantage of Al-assisted assessment in terms of processing
speed. Across all evaluated cases, Al reduced assessment time by 24.25% to 170.46%, with the
average time decreasing from 92 minutes for manual assessment to 35 minutes for Al-assisted
evaluation. This represents a nearly threefold improvement across governance, economic, social,
and environmental disclosure categories.

These findings highlight the role of Al as an efficiency-enhancing component in sustainability
assessment workflows. Rather than replacing human evaluators, Al enables rapid processing of
large volumes of reports, thereby reducing cognitive and operational burdens. This aligns with
prior literature on Al-augmented decision-making, which positions Al as a complementary tool
that supports human capability in repetitive and data-intensive tasks [10, 17, 30, 37].

6.2. Accuracy Limitations and Variability in AI-Assisted Evaluation

Despite efficiency gains, the accuracy results indicate limited agreement between Al-assisted and
human assessments. The weighted kappa value of 0.307 suggests minimal agreement, while the
mean absolute error (MAE) of 1.09 indicates that Al scores deviate by approximately one point
on average. Bland—Altman analysis further reveals minimal systematic bias but substantial
variability, as reflected in wide limits of agreement.

These findings indicate that Al can approximate general disclosure patterns but struggles to
reproduce nuanced human judgment. A key explanation lies in the difference between pattern-
based and semantic evaluation. The Al system relies on explicit linguistic signals, particularly
keyword matching, to identify relevant disclosures. In contrast, human assessors interpret
meaning more flexibly, recognising semantically equivalent expressions even when exact
keywords are absent.

This divergence explains why Al may assign low scores when predefined keywords are missing,
while human assessors assign higher scores based on contextual understanding. Conversely, Al
may assign higher scores when disclosures are explicitly structured, reflecting its sensitivity to
clearly defined criteria.

The results also suggest that human assessment is not error-free. Instances of re-evaluation
indicate that human assessors may overlook relevant disclosures or apply inconsistent judgment,
particularly when processing large volumes of information. This highlights that variability exists
in both human and Al assessment processes, albeit driven by different mechanisms.

Additional variability may arise from document characteristics. Reports containing non-machine-
readable elements, such as low-resolution images, limit the Al system’s ability to accurately
extract and interpret information, further contributing to discrepancies between Al and human

SCOres.
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Overall, these findings demonstrate that Al-assisted assessment can approximate broad disclosure
patterns but cannot yet replicate expert scoring reliably. Al contributes scalability and consistency
in applying explicit evaluation rules, while human assessors provide contextual interpretation and
judgment in the face of ambiguity. These results suggest that a practical pathway forward
involves using Al as an initial screening tool, with expert review for final scoring decisions.
This highlights the importance of designing Al-assisted evaluation workflows that combine
computational efficiency with human interpretive flexibility, particularly in domains
characterised by unstructured data and subjective judgment.

7. Conclusion and Limitation

The final section summarizes the study's key findings. It reflects on its practical and theoretical
contributions and its boundaries. The conclusion highlights how the Al-assisted SPDI assessment
advances SR evaluation by improving efficiency and consistency while recognising its current
accuracy limitations. The subsequent subsection further discusses the main constraints and
suggests potential directions for further refinement.

7.1. Conclusion

This study demonstrates the feasibility of Al-assisted sustainability disclosure assessment using
the SPDI framework. The development of an Al-assisted system highlights the potential of NLP
and information-extraction techniques to address key challenges in sustainability reporting,
including time inefficiencies and a lack of standardisation in manual assessments.

Implementing a keyword-driven prompting approach is an initial step toward automating
sustainability disclosure analysis, offering greater consistency, transparency, and replicability
than traditional manual methods. The prototype demonstrates that automation can reduce analysts'
cognitive workload by speeding up assessments. However, improvement is needed to better align
the system with expert judgment. Using the Weighted Kappa Test, minimal agreement was found
between the ground truth and the Al-based assessment. Alongside, the MAE and Bland-Altman
Graphic also supported this finding. These indicate that the Al-based assessment demonstrates
limited reliability and consistency in replicating the ground truth.

This study contributes by (1) operationalising an Al-assisted SPDI assessment artifact using
Design Science Research, (2) empirically evaluating the agreement between Al-generated and
expert-assigned disclosure scores, and (3) identifying the practical conditions under which Al-
assisted assessment can complement expert evaluation in sustainability reporting.

7.2. Limitations and Further Improvement

Despite its promising outcomes, this project presents several limitations that warrant attention in

future development. First, prompt optimisation: refine prompts to better guide LLMs' reasoning.
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This process enhances the clarity, structure, and specificity of prompts, enabling the system to
accurately capture the information disclosed by the SPDI framework through SR. The next step
involves domain-specific fine-tuning, such as models like Gemini or a comparable open-source
model with an established score. This fine-tuning enables the model to learn the specific language
patterns, terminology, and unique contexts of SR, especially in Indonesia, thereby enhancing
overall accuracy beyond what generalized LLMs can achieve. Lastly, improvements are needed
in the Al-based system to enhance accuracy towards the ground truth. A key limitation lies in the
reliance on keyword-driven prompting, which constrains the model's ability to capture
semantically equivalent disclosures expressed in varied linguistic forms.
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