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ABSTRACT ARTICLE HISTORY

This exploratory article argues against using Large Language Models (LLMs) as a ‘black box’, with- Received 13 November 2024
out human scrutiny, for generating interpretable context while assessing sentiment metrics. These Accepted 28 May 2025
metrics support supply chain (SC) decision-making under information asymmetry and public policies KEYWORDS

in critical mineral networks. Using a dataset of 5,168 news articles before and after a truck strike in
the Democratic Republic of Congo (DRC), we enumerate observed sentiment shifts across cobalt SC
echelons (i.e., DRC, China, U.S.A. and Canada) using an LLM with long context windows. As shifts can
be small, assessments need to be precise, significant, and interpretable. To this end, we devise and
deploy a ‘Context Enhanced Supply Chain Sentimentand Summaries’ (CESCSS) framework to provide
reliable and interpretable outcomes. Through statistical testing, our findings indicate that context
matters in assessing sentiment shifts across SC operations echelons. Findings also illustrate differ-
ences in sentiments and offer context summary-based interpretations for these differences based
on end-to-end information asymmetries. In addition, results showcase the reliability of human rat-
ings and then demonstrate that human assessments are statistically equivalent to context-enhanced
LLM sentiment valuations. We discuss pathways for applying the CESCSS framework toward theory
development and managerial decisions in critical mineral SCs.

Long context LLMs; critical
mineral supply chains;
context and sentiment;
reliability and
interpretability; context
enhanced supply chain
sentiment and summaries

1. Introduction

The advent of the World Wide Web provided the oppor-
tunity to publish news articles that are immediately acces-
sible worldwide, serving as a valuable and abundant data
source. Indicatively, the average number of news articles
published daily in different countries (in English) can
reach as high as 10,000 (Hamborg, Meuschke, and Gipp
2020), resulting in unprecedented data availability that
can be leveraged to inform decision-making. Indicatively,
the supply chain (SC) management domain has gradu-
ally evolved to recognise news articles’ potential roles and
applications within research and practical contexts (Chae
2015). In SC management, analytics form the foundation
for collecting, storing, and analysing diverse evidence to
support data-driven decision-making for optimising per-
formance and ensuring continuous improvement across
end-to-end operations (Tiwari et al. 2024). For exam-
ple, historical data are used for data-driven decision-
making in dynamic pricing and inventory control prob-
lems under complete/incomplete demand information
(Chen et al. 2021).

Nevertheless, despite the availability of news sources,
the lack of information sharing among multi-echelon
SC stakeholders reduces efficiency owing to informa-
tion deficits, impacting trust (Inderfurth, Sadrieh, and
Voigt 2013). Additionally, despite an increasing body
of studies concerning the utilisation of data and ana-
Iytical capabilities pertinent to SC management (Hazen
et al. 2014; Trkman et al. 2010), the predominant empha-
sis has remained on conventional data sources (such
as enterprise resource planning) and analytical tech-
niques (including optimisation algorithms and forecast-
ing) that influence SC planning and execution. Textual
data derived from news sources have only recently been
utilised in a SC context, e.g., to predict demand volatility
in pharmaceuticals during periods of crisis (Nguyen et al.
2022).

Notwithstanding the technical advancements in extr-
acting context from textual data, most of the respec-
tive outputs and algorithm-induced decisions are not
straightforward due to the opaqueness of the techniques
employed (Kosasih and Brintrup 2022). To this end,
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decisions relying on raw textual data may be based
on incomplete or misunderstood information with-
out interpretation, leading to less effective outcomes.
Recently, advancements in Generative Artificial Intelli-
gence (GenAl), mainly through Large Language Mod-
els (LLMs), have amplified interest in the applicability
of these digital technologies in operations management.
LLM-based technology systems are used to explain SC
decisions (e.g., by identifying productivity outliers in
a network of multiple nodes, monitoring shipping cost
spikes, or tracking shifts in demand), further provid-
ing the capability to support end-to-end decision-making
scenarios and significantly reducing the time to make
decisions (Menache et al. 2025). For instance, Jackson,
Jesus Saenz, and Ivanov (2023) provided guidelines on
the human-AI collaboration for the automatic develop-
ment of simulation models based on verbal descriptions.
To a further extent, Jackson et al. (2024) proposed a
framework that pinpoints the areas and methods for
applying GenAlI within SC management, emphasising
improvements in decision-making, process optimisation,
investment prioritisation, and skills development.

Decisions related to SCs, as reported in various news
sources, are being analysed by LLMs to generate sen-
timent assessments. Sentiments are defined as metrics
with a negative, neutral, or positive polarity around an
observed corpus’s ‘prevailing attitudes’ (Sonnier, McAl-
ister, and Rutz 2011). For instance, event studies inves-
tigated the tweet sentiment before, during, and after SC
glitches and showed that such posts influence stock mar-
ket returns, illustrating the potential of social media to
amplify the visibility of SC issues (Schmidt et al. 2020).
LLMs’ training data in this regard not only accounts
for widely recognised dictionaries, e.g., developed by
Loughran and McDonald (2011) to evaluate sentiment,
but also brings in context while assigning weights based
on attention to critical elements of news items (Vaswani
et al. 2017).

LLMs have been drawn upon to assess sentiment in
challenging situations such as geopolitical events and
capital market shifts. Notably, the US President’s commu-
nication on Twitter significantly increased the predictive
power of oil price prediction models (Beyer Diaz et al.
2024). To this end, extracting the content of textual data
to identify sentiments, emotions, and connotations pro-
vides informative signals and insights for SC manage-
ment in terms of assessing responses to risks (Wu 2023)
and predicting demand (Anderson, Mahar, and Modi
2024). Nonetheless, LLMs may exhibit biases or halluci-
nations (Gupta et al. 2024; Venkit et al. 2024),i.e.,*"... the
phenomenon where the model generates false information
not supported by the input" (Xiao and Wang 2021). Espe-
cially in SC management, ensuring the LLM-generated

output’s interpretability, i.e., the ability to explain quanti-
tative outcomes to provide context for decision-makers,
has been acknowledged as a critical issue (Baryannis et al.
2019). The quality of the analytical output produced by
such Al-based systems can facilitate data-driven, objec-
tive decision-making for achieving SC resilience (Belhadi
et al. 2021; Dey et al. 2023). Hence, detecting senti-
ment shifts and generating interpretability is especially
important for the resilience of critical resource SCs owing
to disruptive events’ complexity and dynamic nature
(Kleindorfer and Saad 2005), with ramifications that can
propagate across end-to-end operations.

Therefore, the aim of this research is to propose a reli-
able and interpretable approach for exploring the intri-
cate relationship between context and sentiment shifts
in textual data that can inform decision-making for SC
resilience. To this effect, this research attempts to address
the following research questions (RQs) with underlying
theory issues being explicated in Section 2:

o RQ#1 - What reliable LLM-based method can be used
to extract context from textual data and enhance the
interpretability of SC sentiment analysis?

e RQ#2 - How can sentiment shifts estimated by an LLM
be used to detect disruptions’ propagation across SC
echelons?

e RQ#3 - Can LLM-based sentiment analysis reflect
shifts based on information asymmetry in SCs?

Our work argues against using LLMs as a ‘black box’
without context and human scrutiny for assessing sen-
timent metrics. We recognise the possibility of hallu-
cinations in LLM outputs and the need for a mecha-
nism to examine these outcomes before reporting them.
Indeed, contemporary research underscores that LLMs
can generate compelling, albeit potentially misleading,
explanations as they typically use strategies such as selec-
tive evidence or question reframing without transparent,
interpretable reasoning processes (Ajwani et al. 2024).
Hence, in response to the enunciated RQs, we devel-
oped a mixed-methods research approach, resulting in
the proposed framework termed ‘Context Enhanced Sup-
ply Chain Sentiment and Summaries’ (CESCSS), which
facilitates more robust findings and inspires theory devel-
opment when examining complex dynamic phenom-
ena (Golicic and Davis 2012). Our research approach is
informed by the Syntactic and Semantic Attention Sum-
mary (SSAS) methodology (Mayande et al. 2024). The
SSAS methodology argues for creating summaries to cap-
ture a dataset’s diverse context, which is then used as
input prompts to generate sentiment.

In particular, to address our research queries, the
object of scrutiny was a set of 5,168 news articles (with



43 million words in total, in English) concerning differ-
ent timeframes of a disruptive event to a critical mineral
SC. Especially, this research leveraged the Factiva news
database and Google’s Gemini 1.5 Flash, an LLM with
long context windows (i.e., one million input tokens),
to perform context-driven sentiment analysis. We used
automated and manual sentiment reliability and interpre-
tation techniques to observe statistically significant dif-
ferences. In contrast to traditional and static dictionary-
based methods like Loughran and McDonald (2011), we
used Google’s Gemini LLM, which dynamically inter-
prets sentiment based on its own training data that gen-
erated dictionaries, together with its advanced under-
standing of context. This strategy allowed for nuanced
sentiment extraction, making it especially effective for
analysing disruptions in critical mineral SCs. To mea-
sure the sentiment, we used a scale of —1 to 1 employed
in other studies (Bau, Hermila, and Latief 2024). There-
after, we deployed a detailed Design of Experiments to
analyse shifts in sentiments before and after the stud-
ied disruptive event and across different geographically
located operations echelons.

Overall, this research contributes to the Operations
Management research community by taking initial steps
toward developing a reliable approach for generating
context-driven sentiments in SCs for decision-making.
The proposed CESCSS framework can set up pathways
toward tractable decision support in Operations Manage-
ment (McCloskey, LaCasse, and Cox 2024). For example,
Singh et al. (2024a) developed the Interactive Attention
Graph Convolution Network, i.e., a model designed to
enhance aspect-level sentiment analysis, integrating a
dynamic weighting layer with bidirectional memory to
capture context effectively. Our work differentiates from
extant approaches by postulating a two-step process: (i)
retrieving context summaries from a corpus and selec-
tively reviewing them for human intervention and feed-
back, and (ii) using the generated summaries as the con-
text to the articles’ sentiment while the feedback informs
the prompts and the LLM generates sentiment data. The
importance of context summaries and "summary of sum-
maries", which are central to the CESCSS framework, lies
in informing the LLM’s estimation and the opportunities
they create to assess and interpret the outcome metrics.
The "summary of summaries" involves taking context
summaries for each article in a corpus and creating a
single meta-summary (Mayande et al. 2024).

Our CESCSS framework recognises that extant LLM
technologies may generate hallucinations to an extent
(Yilmaz, Yilmaz, and Ceylan 2023). Hence, we offer
reliability and interpretability by incorporating robust
mechanisms that serve as a guardrail while interpreting
the context associated with sentiments as a metric. In

INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH . 3

essence, our research echoes the necessity for inherently
explainable models in decision-making (Rudin 2019) and
develops an interpretable LLM-based assessment frame-
work that takes steps toward transparency. Henceforth,
this article uses the terms ‘interpretable’ and ‘explainable’
interchangeably.

The rest of this study is structured as follows:
Section 2 provides the literature background on cur-
rent approaches to investigating context and sentiment
extraction from textual data. Section 3 presents the
research context underpinning this research. Section
4 outlines the CESCSS framework. Section 5 presents
the results. Section 6 discusses theory and practice
implications while highlighting the proposed research
approach’s limitations and the need for further work. The
paper concludes in Section 7.

2. Literature

Figure 1 outlines our proposed context extraction and
sentiment interpretation framework, termed CESCSS, to
analyse textual data across critical mineral SC echelons.
The direct LLM approach (top of Figure 1) feeds text-
based articles directly into an LLM along with a prompt
that seeks sentiment as the outcome metric for each
article. Relying exclusively on such a typical ‘black box’
approach may lead to convincing yet inaccurate senti-
ment interpretations, as LLMs can produce outputs that
lack transparent reasoning (Ajwani et al. 2024). Our pos-
tulated approach (bottom of Figure 1) differs from the
direct approach in that we bring in context to pre-process
the data before estimating the sentiments (involving nine
implementation steps — these nine steps are further expli-
cated in Section 4, Figure 3). Context allows human
intervention by interpreting the initial LLM outcome and
making suitable corrections in the prompts. To set up our
proposed CESCSS framework, we draw on four disparate
sets of literature: (i) context generation and interpreta-
tion, (ii) sentiment analysis, (iii) sentiment shifts, and (iv)
information asymmetry.

2.1. Context generation and interpretation

The importance of summaries while assessing sentiments
is recognised (Mayande et al. 2024; Yang et al. 2019).
Context identification seeks to summarise the circum-
stances surrounding SC events or decisions based on
patterns in language use within a news article. The extant
scientific literature has scrutinised context summarisa-
tion from textual information, mainly in the healthcare
sector. Indicatively, Sallam et al. (2023) studied the use
of ChatGPT in healthcare education by analysing factors
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Figure 1. Direct sentiment analysis vs. postulated CESCSS framework.

influencing its acceptance, including perceived useful-
ness, ease of use, risks, and factors that shape attitudes
toward adopting ChatGPT. Specifically, the assessment
framework of Sallam et al. (2023) revealed that accu-
racy, bias, and ethical issues persist, notwithstanding the
promising benefits of Al systems powered by LLMs (e.g.,
personalised learning and improved communication).

Furthermore, Cuberek, Janikova, and Dygryn (2021)
focused on adapting and validating the Physical Activ-
ity Questionnaire for Older Children, which was used in
a national survey by the Czech Ministry of Education,
Youth, and Sports to assess children’s physical activity.
Differences in the survey questionnaire were investigated
via a t-test, while Cronbach’s alpha was used to evalu-
ate consistency. Findings indicated the need for exten-
sive data samples to ensure the validity and reliability of
the results. Additionally, in business management, Wolfe
and Mitra (2024) explored the impact of GenAlI on fact-
checking organisations to improve response times to mis-
information, increase audience engagement, and boost
productivity. However, technical skill gaps, value ten-
sions, and concerns over Al’s reliability and alignment
with the core values of transparency and human exper-
tise limit its adoption. Hence, Wolfe and Mitra (2024)
highlighted the need for careful integration of Al in busi-
ness processes, proposing a design framework centering
on content verification, mapping out tensions between
AT and fact-checking values, and suggesting a research
agenda for responsible AI use in this field.

Regarding context generation, the rise of LLMs
enables machines to generate, comprehend, and analyse
natural language with unprecedented accuracy. In fields
such as healthcare, education, and media, the ability to

predict outcomes, trends, or insights based on text can
improve the effectiveness of various applications. Practi-
cally, a text structure (e.g., a sentence) is considered, and
one can decide where to focus attention to process a large
corpus (Vaswani et al. 2017). Paying attention requires
context beforehand. Within the body of the LLM itself,
the context is provided by feeding data that allows the
LLM to adjust weights. In addition, it is also possible
to preprocess data (outside the LLM) to help set up the
context. For instance, the Retrieval Augmented Gener-
ation (RAG) allows machines, secondary data sources,
or experts to enhance the prompts and provide context
(Li et al. 2022). Recent research focused on developing
LLMs with longer context windows, enabling them to
store and directly use more information when generat-
ing responses (Gadelho 2024). It is worth noting that
RAG ideas are beginning to be applied to the SCliterature
(Gaddala 2023; Ram et al. 2023).

Due to large textual datasets, LLMs are primarily
used, thus far, simply for natural language understand-
ing and text generation that are not particularly useful
and suffer from hallucinations, i.e., incorrect or baseless
explanations (Singh et al. 2024b). Real-world operations
require LLMs to generate explanations that are acces-
sible and reliable for high-stakes applications such as
decision-making. Hence, research evidence emphasises
the importance of providing data-driven explanations of
disruptions in areas like SC management for end-to-end
decision support to facilitate resilience (e.g., Baryannis
et al. 2019; Kosasih et al. 2024). The potential for our
work in shaping decision-making for SC resilience is dis-
cussed in Section 6, drawing on examples provided by
expert informants in critical mineral SCs.



2.2. Sentiment analysis

Sentiment analysis, or opinion mining, is an expanding
field of research within Information Processing, focus-
ing on extracting and analysing subjective elements such
as opinions, sentiments, attitudes, and emotions from
textual information (Varathan, Giachanou, and Crestani
2017). Traditional text retrieval systems primarily handle
factual data, but sentiment analysis delves into subjective
content, enabling tasks like opinion mining, subjectivity
analysis, and emotion detection. With data from sources
like social media and blogs increasing, sentiment anal-
ysis provides valuable applications, such as improving
recommendation systems and aggregating reviews.

Serrano-Guerrero et al. (2015) reviewed fifteen web
services offering sentiment analysis functionalities,
which are particularly valuable for researchers and devel-
opers looking to incorporate sentiment capabilities with-
out developing bespoke algorithms, further reproducing
a robust taxonomy of sentiment classification techniques
by Medhat, Hassan, and Korashy (2014). Considering the
ability to leverage diverse data collections (i.e., long and
short texts), such tools can help detect positive, nega-
tive, and neutral content, which could apply to SC-related
content. Nevertheless, oversimplified classifications (pos-
itive, negative, neutral) and difficulty in aggregating sen-
timent across multiple sentences or paragraphs suggest
that techniques could improve precision and function-
ality. Vishnuthilak et al. (2024) showcased the potential
of sentiment analysis in identifying disruptive events and
introduced a framework that integrates a trigger-based
support system to aid decision-making in SC manage-
ment, potentially enhancing resilience.

In the healthcare sector, Kumar et al. (2025) anal-
ysed Twitter data using an Al-driven approach to address
healthcare SC challenges during the COVID-19 pan-
demic, focusing on issues like shortages of testing kits,
oxygen, and hospital beds. The study leveraged natu-
ral language processing and machine learning to classify
tweets based on need severity and predict locations to
facilitate timely crisis response and coordination efforts.
However, conducting such analyses using LLMs could
be fraught with the risk of hallucinations (Huang et al.
2025). Thus, the analysis process needs to establish reli-
able interpretations (Liu et al. 2023c). These arguments
informed our previously stated RQ#1 — What reliable
LLM-based method can be used to extract context from
textual data and enhance the interpretability of SC senti-
ment analysis?

2.3. Sentiment shifts

In pharmaceuticals, Ball et al. (2024) investigated the pos-
sibility the sentiment of drug reviews on WebMD can
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serve as an early-warning indicator of serious drug recalls
and whether this relationship varies by the gender of the
reviewer. The latter study specifically focused on FDA
Class I and Class II recalls associated with severe harm or
death and revealed that an increase in negative sentiment
was significantly associated with a higher risk of a drug
recall. Notably, one standard deviation rise in negative
sentiment was linked to a 15.9% increase in recall risk. On
the pricing domain, Anderson, Mahar, and Modi (2024)
used LLMs to forecast price index changes, where pre-
dicted sentiments and allied contextual factors, such as
shipping and inventory, served as independent variables.
The ability to assess sentiment from linguistic evidence
has gained significant attention in natural language pro-
cessing, especially with the advancement of LLM models
(Shamshiri, Ryu, and Park 2024; Zhang et al. 2023). How-
ever, context may play a crucial role in shaping sentiment
in SC echelons, as the exact words can convey differ-
ent emotions depending on the surrounding text about
pertinent stakeholders’ goals or decisions.

Shifts in sentiment help identify and track attitude
changes over time, which may reflect evolving conditions
within different SC echelons. To this effect, reliability
issues regarding the inputs to the sentiment analysis are a
crucial challenge for SCs. Evidence from the pharmaceu-
tical sector revealed that female-written reviews provide
early warning indicators for serious drug recalls com-
pared to the reviews of males (Ball et al. 2024). Specif-
ically, the respective research results highlighted that in
gender-focused operations management, consumer sen-
timent could be a critical factor in predicting serious
product issues, further necessitating a deeper under-
standing of the role of social media sentiment in health-
care. Furthermore, research on news media and tweets
regarding the coronavirus disease 2019 (Omicron phase)
and the Ukraine - Russia war (from November 2021
to April 2022) revealed that sentiment and time effect
add value to SC risk management. In the energy field,
Beyer Diaz et al. (2024) provided a framework com-
bining structured and textual data to predict oil prices
and argued for the examination of the impact of adding
textual data sources to foster deep learning models’ inter-
pretability in the presence of global geopolitical events.
Time-varying and shifts in sentiment could help iden-
tify unnoticed risks (e.g., logistics tension, ripple effect)
(Sadeek and Hanaoka 2023). These arguments influenced
our previously articulated RQ#2 - How can sentiment
shifts estimated by an LLM be used to detect disruptions’
propagation across SC echelons?

2.4. Information asymmetry

A constituent that can impact the reliability of sen-
timent analysis is information asymmetry across SC
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stakeholders, which is common in transactions within
extended and distributed networks and can be expressed
in diverse manners, such as not revealing private infor-
mation or ‘cheap talking (i.e., communicating costless,
non-binding, and non-verifiable information). For exam-
ple, Inderfurth, Sadrieh, and Voigt (2013) examined
the impact of information asymmetry on the dyadic
relationship in a buyer-supplier setting, demonstrating
that information transparency limits out-of-equilibrium
behaviours, thus benefiting all the involved SC stakehold-
ers. Furthermore, awareness of market demand holds
significant value for both retailers and manufacturers;
in online celebrity SCs, research findings indicate that
option contracts yield varying payofts contingent upon
the retailer’s capital (Tang, Wu, and Dolgui 2020). In this
regard, sentiment analysis could be utilised to quantify
trust levels and emotional tone in partner communica-
tions, revealing correlations between sentiments and the
cooperation observed in SC interactions.

Additionally, Ozer, Zheng, and Chen (2011) inves-
tigated and modelled the role of trust between suppli-
ers and a manufacturer’s private forecast information in
determining capacity investment decisions. In the same
vein, Li, Zhang, and Dan (2019) explored the role of
information asymmetry in SCs, showing that firms may
distort demand signals to maximise profit, thereby influ-
encing competition dynamics and channel cooperation
strategies. Such an unequal distribution of information
can amplify shifts in sentiment, leading to greater volatil-
ity and polarisation as SC stakeholders might interpret
incomplete or skewed data differently. Asymmetry and
shifts in sentiment can also be attributed to the textual
data sources used, as news media mainly focus on the
supply side, while social media mirrors the demand side
in a SC (Sadeek and Hanaoka 2023). These arguments
underpinned our formulation of RQ#3 - Can LLM-
based sentiment analysis reflect shifts based on information
asymmetry in SCs?

3. Research context: cobalt SCs

Cobalt, a critical battery mineral (Zhang, Aydin, and
Parker 2022), was employed as a case study to illustrate
the proposed CESCSS framework. This study consid-
ered three echelons in the cobalt SC: mining (upstream),
processing raw material and component manufacturing
(midstream), and assembly applications (downstream)
(Figure 2).

Upstream the SC, cobalt is extracted in twenty-one
countries, with most mining operations concentrated in
the Democratic Republic of Congo (DRC), Indonesia,
Russia, and Australia. Specifically, we focused on min-
ing operations in the DRC, which supplies around 80%

of the global cobalt demand (Cobalt Institute 2024).
For midstream, we focused on China, which processes
around 68% of cobalt (Quiggin and King 2023). China
is the world’s largest producer of refined cobalt, primar-
ily utilising partially processed cobalt imported from the
DRC (U.S. Geological Survey 2024). For downstream,
we focused on the U.S.A. and Canada, countries where
significant cobalt applications are being designed into
products such as electric vehicles (EVs) (Pelon et al.
2021).

Sentiments are a key metric affecting cobalt SC deci-
sions and policymaking. In this view, we surveyed par-
ticipants at the 2024 Cambridge Critical Mineral Sup-
ply Chain Resilience Workshop’ held at the University
of Cambridge, UK. Informants (N = 58) included 42%
academics, 17% policymakers, and 41% industry rep-
resentatives from the critical minerals sector. A list of
the informants, along with their roles and salient points,
is inserted in Table S1 in the Supplementary Material
(Section S1).

Two primary insights emerged from this survey. First,
context-driven sentiments are crucial for three types
of decision-making: (i) financial, (ii) SC management,
and (iii) government policy. Approximately 66% of par-
ticipants indicated that financial analysts rely on news
information and allied shifts in sentiments when making
decisions; around 75% of the participants identified SC
managers as the primary users of sentiment-driven infor-
mation, while 81% pointed to policymakers. Second, the
participants emphasised that contextualised sentiment
data is fundamental to strategic decision-making, con-
firming their essential role in guiding industry practices.
For example, one surveyed participant pointed out that:

Market valuation (particularly on critical mineral com-
modities) is influenced by the combined effects of com-
modity pricing and supply chain sentiment. [Informant
#24]

We further use the survey findings to discuss decision-
making in Section 6. A bibliometric analysis of the infor-
mants’ quotes is inserted in Figure S1 in the Supplemen-
tary Material (Section S1). The resulting map shows that
the sentiment is a central (hub) construct that co-evolves
with other factors, such as prices, government policies,
and risks and shortages created by SC disruptions.

4, CESCSS framework

In this section, we set out the methodological foun-
dations and implementation steps for the Al-driven
CESCSS framework, aiming to identify computational
principles and procedures that can drive reliability and
interpretability. Consistent with Mayande et al. (2024),
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our research approach focuses on input augmentation
instead of fine-tuning the LLM. While Mayande et al.
(2024) tested their method on marketing data, we applied
the underlying ideas to the SC realm. Additionally, our
work amounts to a particular case of RAG in that we
deploy Reinforcement Learning from Human Feedback
(Sun et al. 2023) (as shown in the targeted and aggregate
feedback loops at the bottom of Figure 1).

The research stages of our proposed CESCSS frame-
work include: (i) context generation through LLM, (ii)
sentiment analysis through LLM, and (iii) reliability and
interpretability. Figure 3 captures the research stages,
respective implementation steps, and outcomes of the
CESCSS framework. For clarity, feedback is excluded
from this visualisation. Figure S2 in the Supplementary
Material (Section S2) depicts a more detailed methodol-
ogy process flowchart.

The first research stage involved defining the analysis
scope, compiling relevant textual data from news articles,
and developing the corpus with LLM-generated contex-
tual information. We prompted contextual information
by summarising key aspects of each news article related to
the cobalt SC. Our research argues that textual data sum-
maries can provide a compelling context for SC sentiment
analysis.

In the second stage of this research, we conducted sen-
timent analysis at the document level using an LLM, util-
ising the summaries generated in the first stage to provide

>
o e
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Manufacturing OEM
Processing & Manufacturing Assembling

Recycling

contextual information. We also performed the analy-
sis without contextual information to gain a comparative
view of how context affects sentiment interpretation.
Furthermore, we conducted statistical t-tests comparing
sentiment results across scenarios regarding the coun-
try of occurrence and timelines of the disruptive event
to ensure rigour. The latter tests helped determine if
the LLM-generated summaries significantly altered sen-
timent outcomes compared to the uncontextualised anal-
ysis. The analysis also revealed insights into the impact
of contextual generation on sentiment detection while
underscoring LLMs’ roles in refining sentiment interpre-
tation in textual data.

In our research’s third stage, LLM-generated con-
texts and sentiment scores were validated by human
experts to ensure output reliability and interpretability.
We compared the LLM-generated summaries and sen-
timent scores with those from experts independently
evaluating the same news articles. All eight experts con-
tributing to the validation assessment possess at least a
Master’s degree in relevant areas, such as industrial engi-
neering or manufacturing; several hold doctoral degrees
in similar fields. Each expert has experience in field-
work and data analysis, focusing on decision-making
pertaining to critical mineral SCs. Reliability assess-
ment and interpretation underscore the importance of
human scrutiny when using LLMs for nuanced textual
analysis.
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Research Stage

Research Stage #1:
Context Generation through LLM

N News Articles

» Define scope (e.g., country, event of
interest, event timelines)

» Define data sources (news
database, written language)

Large Language Model (LLM)

» Define prompt for LLM to generate
summaries (before & after the event of
interest)

N Context Summaries

» Gather context summaries

“Summary of Summaries” & Factor Analysis

(Topic Extraction)

» Prompt LLM for summary of summaries

articles’

Research Stage #2:
Sentiment Analysis through LLM

N (Articles + Contexts) + Aggregate Context

in Prompts

» Design of LLM experiment (e.g., country,
event of interest, event timelines)

Large Language Model (LLM)

» Define prompt for LLM with and without
context

» Define the scale for the sentiment scores

» Prompt LLM for articles’ sentiment

N Sentiments

» Gather sentiment scores

Aggregate Sentiment & t-tests

» Perform t-tests (equal & unequal length)

» Evaluate results

Research Stage #3:
Reliability and Interpretability

Reliable & Interpretable?

» Design of reliability evaluation experiment

» Conduct pilot tests and develop training
protocols for human evaluators

» Conduct human evaluation test on LLM-
generated summary and sentiment score

» Employ G-Eval for automatic summary
evaluation

» Compare human & LLM results

» Conduct statistical tests to check LLM
reliability and human inter-rater reliability

» Gather managerial feedback on sentiment

A 4

Research Outcomes

* Collection of pertinent news articles

*°e

e

* Prompts for LLM (before & after
event of interest)

o0

* Collection of summaries (of the
gathered pertinent news articles)

% Collection of sentiment scores per
news article

+* Calculations on average sentiment
score per experiment

«+» Statistical analysis results (base-case
test & robustness checks)

e Collection of summary evaluations
and sentiment scores per news article
G-Eval for

¢ Results of the test

summary evaluation

» Results of the statistical tests (e.g.,
Intraclass Correlation Coefficient, ICC)
for sentiment score evaluation

% Results of inter-rater reliability test

«* Blueprint of managerial decision-

making recommendations

Figure 3. Research stages and implementation steps of the CESCSS framework [implementation steps 1 through 9 correspond to
Figure 1, but feedback loops are not shown for brevity].



For implementation, we employed the Gemini 1.5
Flash model to test our arguments. Gemini 1.5’s exten-
sive context window, capable of handling up to one mil-
lion tokens (Google Al for Developers 2024), enabled
us to summarise large text corpora, which is partic-
ularly needed in processing and analysing SC-related
news data.

4.1. Context generation through LLM (research
stage #1)

In this research stage, the primary focus was on collect-
ing relevant news articles within the predefined scope,
including specific countries and timelines of a disruptive
event. This step ensured that the gathered data reflected
the geographical and temporal boundaries necessary for
accurate analysis. The news articles were collected auto-
matically, without manual screening, based on the cri-
teria described below. We then deployed an LLM to
generate concise summaries for each retrieved article to
streamline the process and enhance efficiency. The sum-
maries served as a structured foundation by distilling
the essential information and contextual elements from
the news articles, providing a coherent and organised
base supporting the subsequent analysis stages. Specifi-
cally, by using LLMs, we aimed to reduce the complex-
ity of data processing while ensuring that the extracted
information remained accurate and relevant, which is
crucial for the integrity and reliability of the overall
analysis.

We first defined the data collection scope by focus-
ing on specific countries and a disruptive event in the
cobalt SC. Specifically, we selected the DRC (upstream
extraction), China (midstream refining), and the U.S.A.
and Canada (downstream consumption) based on their
roles in the SC. The 2023 truck strike in the DRC was cho-
sen as the event of focus due to its significant disruption
to global cobalt trade flows (Luk and Njini 2023), with
a 12-month analysis period, i.e., six months before and
six months after the strike. This timeframe allowed for
assessing pre- and post-disruption SC dynamics across
various operations echelons and regions.

After that, we retrieved secondary data for our analysis
by leveraging the Factiva international news monitor-
ing and business intelligence platform (https://www.dow
jones.com/professional/factiva/) to ensure extensive
news coverage regarding the cobalt SC, along with trans-
parency in our data collection process. Factiva is an inter-
national news database offering access to over 33,000 pre-
mium publications, including major international news-
papers, industry-specific trade journals, and newswires
(Dow Jones 2024). Furthermore, Factiva is frequently
employed in academic and industry research for SC
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Table 1. Summary statistics of the collected news articles.

Event time frame Before After
Average Average

Sample size word count Sample size  word count
Country/region (articles) perarticle  (articles) per article
DRC 136 1,248 127 1,249
China 735 2,652 538 3,129
U.S.A. and Canada 1,963 8,394 1,669 13,619
Articles &  Ave. 2,834 6,562 2,334 10,528
Word Count

Total Word Count 43,168,304 (across 5,168 Articles)

analysis, providing reliable and extensive business intel-
ligence data (Geng, Lam, and Stevenson 2022; Son,
Roscoe, and Sodhi 2025).

To ensure methodological rigour, we adopted a struc-
tured selection approach inspired by Pratelli et al. (2024),
who emphasised representativeness and transparent arti-
cle sampling in LLM-based evaluations of journalistic
content. In particular, we selected every news article
available in the specified database, filtered by the region
of ‘Democratic Republic of Congo’, ‘China’, ‘U.S.A. and
Canada’, and the disruptive event ‘truck strike’, within
a 12-month analysis period (i.e., six months before and
six months after the strike). For comparative analysis,
we employed the search keywords ‘cobalt’ and ‘supply
chains’ distinctively between the periods before and after
the disruptive event. Filters were utilised to refine the
results by language (i.e., English) and country, ensuring
geographic relevance to the identified SC echelons (i.e.,
DRC, China, U.S.A. and Canada). There was no selec-
tion bias following the completion of the filtering process.
Table 1 presents the summary statistics of the collected
news articles.

Table Al in Appendix 1 illustrates two prompt tem-
plates for generating context summaries of the gathered
news articles utilising the Gemini 1.5 Flash model, explic-
itly focusing on cobalt and SCs. The pre-strike template
solicits summaries centred on cobalt and SCs, whereas
the post-strike template broadens the scope to contain
cobalt, SCs, and/or truck strikes. This approach facili-
tated capturing shifts in context or sentiment resulting
from the truck strike’s effect on the SC. The collected
news articles were collated in “.rtf’ format. We then split
the news articles into individual ones using Python’s reg-
ular expression matching library. A BigQuery table with
the retrieved news articles and their metadata was created
from which any LLM could read the corpora.

4.2. Sentiment analysis through LLM (research
stage #2)

We set out to conduct sentiment analysis to evaluate
the sentiment across various operations echelons of the
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Table 2. Prompt template for generating sentiment.

Prompt template for analysing news sentiment within a given context
using Gemini 1.5 Flash

Given the context: {context}, analyse the sentiment of the following texts:
“farticle}”.

Provide a sentiment score ranging from —1 to 1 (inclusive). Please only
print the sentiment score as a numeric value within the range of —1 to
1. A value ranging from 0.5 to 1 indicates very positive sentiment, 0.1 to
0.5 indicates positive sentiment, —0.1 to 0.1 indicates neutral sentiment,
—0.1to —0.5 indicates negative sentiment, and —0.5 to — 1 indicates very
negative sentiment.

Sentiment:

cobalt SC before and after the 2023 truck strike. By scru-
tinising the sentiment in the identified regions of respec-
tive operations over the specified timeframe, we ascer-
tained the extent to which the disruptive event influenced
the overall sentiment within each SC echelon.

The sentiment analysis was conducted at a document
level, examining the entire news article to determine its
overall polarity. The latter approach allowed us to cap-
ture broad sentiment trends within each region’s news
coverage, providing insights into how the cobalt SC was
perceived before and after the truck strike. Considering
the substantial volume of textual data and the signifi-
cant number of API calls necessary for context genera-
tion and sentiment analysis, we utilised LangChains and
readily available parallel computing libraries to distribute
tasks across multiple CPUs. To further optimise these
parallel tasks, we deployed the code on Google Com-
pute Engine virtual machines equipped with four virtual
CPUs and 16GB of memory (i.e., e2-standard-4). The
dependence on parallel computing libraries and virtual
machines is essential for scaling these technical capa-
bilities, emphasising optimised time costs and memory
utilisation (Devlin et al. 2018), which is paramount given
the extensive corpus of news articles about multi-echelon
SCs.

4.2.1. Prompting for sentiment

In the same vein as context generation, we utilised the
Gemini 1.5 Flash to generate sentiment scores for the
summaries of the retrieved news articles (thirty runs
per summary article). We prompted a numerical senti-
ment score for multiple runs to ensure the robustness
and reliability of sentiment analysis for news articles. This
approach mitigated variability and outliers by averaging
results from several prompts, providing a more consis-
tent overall sentiment assessment using LLMs (Chohan
2016). Table 2 presents the prompt template for analysing
news articles’ sentiment within the given context (i.e.,
before and after the truck strike event on the cobalt SC).

4.2.2. Design of experiments

Considering the disruptions associated with a truck
strike and the imperative to maintain SC operations per-
formance standards, informed decision-making is pivotal
to guiding resilience responses (Faruquee, Paulraj, and
Irawan 2023). To this effect, following the methodology
outlined by Ivanov (2022), we structured our experi-
ments to investigate news articles’ sentiments before and
after a disruptive event. Table 3 inserts the Design of
Experiments. We identified three base test sets with the
intent to assess RQ#1, RQ#2, and RQ#3, respectively,
along with six robustness checks.

4.3. Reliability and interpretability (research stage
#3)

This study assessed two fundamental outputs of our
methodological approach through human expert evalu-
ations. First, we evaluated the quality of the news arti-
cles’ summaries utilised as contextual input for sentiment
analysis. Second, we assessed the reliability of the senti-
ment scores assigned to news articles (see Appendix 2 for
further details on the process). We distributed forms to
collect SC expert evaluation results, with training pro-
vided to each expert before the evaluation to explain
the questions in the forms. The survey was piloted with
a SC expert to refine its structure, ensuring clarity and
alignment with the study’s objectives. The evaluation
phase involved eight participants with SC knowledge and
expertise providing assessments on predefined factors.
Results were summarised, showing participant numbers,
answered questions, and scores for summary quality and
sentiment, facilitating a thorough reliability analysis of
the LLM-generated content. This dual validation pro-
cess, covering summary quality and sentiment accuracy,
strengthened the robustness of our methodology by inte-
grating automated and expert-based evaluations.

4.3.1. Summary evaluations

This study employed the G-Eval method (Liu et al. 2023a)
to assess the quality of the LLM-generated summaries.
This approach uses GPT-4 (i.e,, an advanced Al lan-
guage model) to automatically evaluate coherence, con-
sistency, fluency, and relevance in summaries produced
through natural language generation. Unlike traditional
lexicon-based approaches, G-Eval evaluates summaries
by analysing their coherence, consistency, fluency, and
relevance by applying a Chain-of-Thought and form-
filling paradigm, where the evaluation steps are driven
by comprehensive intermediate steps produced by the
LLM. This approach demonstrated an improved corre-
lation with human evaluations in assessing natural lan-
guage generation outputs. In line with the G-Eval study,



Table 3. LLM design of experiments.

Context Time Frame Country/Region
US.A.
Article Aggregated and Window  Sample  Sample t-test

Scenario ID Intent Scenario Summary Summary No Context  Before  After China DRC Canada (Days) 1 Size 2 Size Type

Base experiment =

1 RQ#1 Sentiment with and without context 1 1 1 1 1 1 1 +180 5,168 5,168 Paired

2 Sentiment with context before and after strike 1 1 1 1 1 1 4180 2,834 2,334 Welch’s

3 Sentiment without context before and after 1 1 1 1 1 1 +180 2,834 2,334 Welch's
strike

4 Sentiment with and without context after 1 1 1 1 1 1 +180 2,334 2,334 Paired
strike

5 Sentiment with and without context before 1 1 1 1 1 1 4180 2,834 2,834 Paired
strike

Robustness test =

6 Robustness Sentiment with context using article summary 1 1 1 1 1 1 1 4180 5,168 5,168 Paired

tests for and aggregated summary
RQ#1

7 Sentiment without context and using 1 1 1 1 1 1 1 4180 5,168 5,168 Paired
aggregated summary as context

8 Sentiment with and without context with +30 1 1 1 1 1 1 1 +30 925 925 Paired
days’ time window

9 Sentiment with and without context with 47 1 1 1 1 1 1 1 +7 10 10 Paired
days’ time window

10 Sentiment with context before and after strike 1 1 1 1 +180 735 538 Welch’s
in China

1 Sentiment with context before and after strike 1 1 1 1 +180 136 127 Welch's
in DRC

12 RQ#2and RQ#3  Sentiment with context before and after strike 1 1 1 1 +180 1,963 1,669 Welch's
in US.A. and Canada

13 Sentiment with context before strike between 1 1 1 1 +180 735 136 Welch's
China and DRC

14 Sentiment with context before strike between 1 1 1 1 4180 735 1,963 Welch’s
China and U.S.A. and Canada

15 Sentiment with context before strike between 1 1 1 1 +180 136 1,963 Welch’s
DRCand US.A. and Canada

16 Sentiment with context after strike between 1 1 1 1 +180 538 127 Welch's
China and DRC

17 Sentiment with context after strike between 1 1 1 1 +180 538 1,669 Welch's
China and U.S.A. and Canada

18 Sentiment with context after strike between 1 1 1 1 4180 127 1,669 Welch’s

DRCand U.S.A. and Canada

«1: The factor has the indicated value.
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we prompted GPT-4 twenty times per article for each
dimension to calculate an average result. We then anal-
ysed the mean and variance of the output scores to assess
the effectiveness of these summaries across four dimen-
sions: (i) coherence, (ii) consistency, (iii) fluency, and (iv)
relevance. By focusing on content rather than predefined
lexicons, we seek to illustrate how context influences
summary quality and emphasise G-Eval’s potential to
improve conventional evaluation methods in summari-
sation tasks.

Concurrently, we undertook an expert evaluation in
which human evaluators assessed the precise dimen-
sions. We supplied eight experts with an identical set
of sample summaries along with the evaluation guide-
lines utilised in G-Eval for human assessment. Thereafter,
we evaluated the correspondence between the automated
assessments and human judgments by calculating and
comparing their respective means, variances, and 95%
confidence intervals.

4.3.2. Sentiment score evaluation

This study evaluates the reliability of the LLM-generated
sentiment score. A key challenge in sentiment analysis
is handling ambiguity and differences in sentiment per-
ception, particularly when human judgment is involved.
Therefore, sentiment analysis must also account for the
variability in how humans interpret sentiment (Soley-
mani et al. 2017). Consequently, we performed fac-
tor analysis (topic extraction) to identify key dimen-
sions in the sampled articles, providing a reference to
guide human evaluators in assessing sentiments. Sim-
ilar approaches were adopted by several prior works,
like Ozyurt and Akcayol (2021), to extract aspects for
sentiment analysis. We applied two methods: (i) Princi-
pal Component Analysis to reduce data dimensionality
and identify significant factors, and (ii) Latent Dirich-
let Allocation for topic modelling to highlight the main
themes in the news articles (Karl, Wisnowski, and Rush-
ing 2015). Through this process, we identified six rele-
vant factors in the cobalt SC: (i) Cobalt, (ii) Battery, (iii)
EVs, (iv) Market, (v) Supply Chain (and/or truck strike
events for news published after the strike event), and
(vi) Country.

Similarly, a sentiment score evaluation form was dis-
tributed to the same group of SC experts with the original
articles of the six sampled news articles and the corre-
sponding LLM-generated sentiment scores. Experts were
first asked to independently evaluate the sentiments of
each of the six factors. They were provided with three
options: negative, neutral, and positive; which were then
converted into numerical sentiment scores for further
analysis. The experts were then asked to give an overall

sentiment score for each article, considering all the
factors.

Subsequently, we employed statistical methods to
assess the reliability of the data gathered. We first com-
pared sentiment scores generated by humans and those
produced by LLM to evaluate their level of agreement
and consistency. This comparison involved calculating
the intraclass and Pearson correlation coefficients (Lahat
et al. 2023). Additionally, we applied a mixed-effects lin-
ear regression model to examine how the type of rater
(i.e., human or LLM) influenced the sentiment scores
(Bakker et al. 2022). To ensure comparability, we ran-
domly selected four out of the thirty sentiment scores
generated by the LLM to match the number of human
raters.

Finally, to account for variability in human percep-
tion of news sentiment, we assessed inter-rater reliabil-
ity using Cronbach’s alpha, ensuring consistency across
expert ratings to strengthen the reliability of our findings
(Taber 2018). This measure evaluates internal consis-
tency, indicating how well items reflect the same con-
struct. We calculated Cronbach’s alpha across seven items
in the form, including six identified factors and the
overall article sentiment score, to confirm that expert
evaluations consistently reflected each article’s sentiment
within its context, thereby enhancing the validity of our
research. Similarly, a Cronbach’s alpha score was calcu-
lated to assess the internal consistency of the outputs
generated by the LLM.

4.3.3. Aggregate managerial feedback

This study also developed a "summary of summaries"
approach to facilitate informed managerial decision-
making for SC resilience. For each timeframe (i.e., before
and after) and each country (i.e., DRC, China, U.S.A. and
Canada), we used Gemini 1.5 Flash to generate an overall
summary of all individual summaries within the speci-
fied timeframe and country. To assess the effectiveness of
this approach, four SC experts were tasked with evaluat-
ing the "summary of summaries” for the three countries
and the two different specified timeframes, i.e., six "sum-
mary of summaries” in total. The evaluation process was
structured into two main stages of paired comparisons. In
the first stage, experts conducted a within-country com-
parison, examining pre — and post-event "summary of
summaries" to identify changes in tone or content that
could influence context-driven decisions (i.e., financial,
SC, policy). In the second stage, the involved experts per-
formed a cross-country comparison of post-event sum-
maries, using colour-coded annotations to capture dif-
ferences across countries. The highlighted differences in
summaries from each expert were then consolidated into



a summary table to facilitate comparison and analysis.
Section S3 in the Supplementary Material documents all
six "summary of summaries" with colour codes highlight-
ing differences in interpretations.

5. Results

This section delineates the findings derived from our
analysis, organised into four principal subsections.
Section 5.1 elaborates on the testing outcomes of our RQs
concerning the LLM sentiment scores whilst scrutinising
the variability of sentiment across diverse contexts and
events in Section 5.2. Section 5.3 presents a comparative
analysis between human evaluations and scores gener-
ated by the LLM, underscoring the similarities and dif-
ferences observed in rating patterns and reliability across
various metrics. Lastly, Section 5.4 interprets the "sum-
mary of summaries”, which integrates qualitative insights
tailored for a managerial audience and conducts both
within-country and cross-country comparisons to eval-
uate sentiment fluctuations preceding and following the
disruptive event under consideration.

5.1. LLM sentiment score: t-test results

The results presented in Table 4 provide an overview of
a series of t-tests performed on the scenarios within our
Design of Experiments (Table 3) to evaluate sentiment
scores across varying conditions, particularly contextual
factors and the timelines of the truck strike event in
the DRC. Each scenario comprises two samples, accom-
panied by their respective means (allowing for unequal
variances); the t-statistic and p-value indicate the statis-
tical significance of the differences observed between the
two samples.

The base experiment scenarios (i.e., Scenarios 1
through 5 and Scenarios 12 through 18) address three
sets of test results for our RQs. These tests show signif-
icant differences across each paired t-test for averages.
Scenario 1 demonstrates a highly significant difference
(p = 6.203E-28), with a negative t-statistic of -11.02,
reflecting that sentiment scores tend to be lower without
context. Similarly, Scenarios 2, 3, 4, and 5 exhibit signifi-
cant differences, as evidenced by p-value below 0.05, illus-
trating variations in sentiment before and after the truck
strike event and with or without contextual elements.

The robustness test scenarios for RQ#1 (i.e., Scenarios
6 through 11) further examine the variances in senti-
ment within different contexts across regions and tem-
poral frames. Scenario 6 analyses sentiment through var-
ious summary types and reveals a statistically significant
positive difference (t = 4.05, p = 5.32E-05), implying
that the type of summary utilised influences sentiment
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scores. Scenario 7 illustrates a notable distinction in sen-
timent when contextual information is either included
or omitted, using an aggregated summary (t = —11.57,
p = 1.48E-30), with a positive difference suggesting that
sentiment is amplified when the context is aggregated.
Conversely, Scenario 9, which compares sentiment over
a +7-day period, does not produce significant results
(p = 0.28), indicating that a short-term timeframe does
not markedly impact sentiment perception; perhaps this
is an artifact of the small sample size in this instance.
Finally, the regional comparisons illustrate notable
sentiment dynamics across countries before and after the
truck strike. For instance, Scenario 14 (before the strike,
China vs. U.S.A. and Canada) and Scenario 15 (before
the strike, DRC vs. U.S.A. and Canada) demonstrate
highly significant differences with p-value of 9.85E-37
and 1.42E-08, respectively, alongside substantial posi-
tive differences (A = 0.22 and A = 0.25, respectively).
This indicates considerable regional variations in sen-
timent, with the US.A. and Canada exhibiting higher
sentiment scores than China and the DRC. Comparable
patterns emerge post-strike, with Scenario 17 (China vs.
U.S.A. and Canada) and Scenario 18 (DRC vs. U.S.A. and
Canada) revealing significant positive differences. The
latter suggests that sentiment in the U.S.A. and Canada
remains consistently elevated. These findings underscore
the critical role of contextual and regional factors in influ-
encing sentiment responses across various scenarios.

5.2. Assessment of summaries

Figure 4 presents the results of the summary evaluations
using G-Eval with GPT-4, along with comparable assess-
ments made by human evaluators across four dimensions
of the summary readability and alignment with the orig-
inal content, i.e., coherence, consistency, fluency, and rel-
evance (Liu et al. 2023a). Both average human-rated and
GPT-4 assigned scores range between 4 and 5, mostly
above 4.5, across all four dimensions for the sampled arti-
cles. Upon examining each dimension, we observed that
consistency received a relatively low score of 4.33 from
experts, accompanied by the most considerable variance
of 0.92, indicating potential outliers in human evalua-
tions. In contrast, fluency achieved the highest scores
according to both human and GPT-4 assessments. Since
human evaluators and GPT-4 were restricted to integer
scores on a 1-5 scale, the results suggest that the Gemini-
generated summaries are of high quality. Even when con-
sidering variability among raters, as indicated by the vari-
ance and confidence intervals, these summaries appear
robust to serve as the context for sentiment scoring.

In addition, the scores indicate that GPT-4 marginally
but consistently rated the summaries higher than human



Table 4. LLM Experiment results (t-tests).

Sample 1 Sample 2 Difference

Scenario ID Intent Scenario t-statistic p-value Size ny Meanq  Var 012 Size ny Meanp, Var 022 A= py—m
Base experiment
1 RQ#1 RQ1: Sentiment with and without context —11.02 6.20E-28** 155,040 0.26 0.17 155,040 0.24 0.16 —0.03
2 RQ2: Sentiment with context before and after strike 2.60 0.01** 85,020 0.28 0.16 70,020 0.25 0.19 —0.03
3 RQ3a: Sentiment without context before and after strike 2.16 0.03* 85,020 0.25 0.15 70,020 0.22 0.16 —0.02
4 RQ3b: Sentiment with and without context after strike —8.09 9.45E-16** 70,020 0.25 0.19 70,020 0.22 0.16 —0.02
5 RQ3c: Sentiment with and without context before strike —7.92 3.37E-15** 85,020 0.28 0.16 85,020 0.25 0.15 —0.03
Robustness test
6 Robustness Sentiment with context using article summary and aggregated summary 405  532E-05** 155,040 0.26 0.17 155,040 0.25 0.17 —0.01

tests for

RQ#1
7 Sentiment without context and using aggregated summary as context —11.57 1.48E-30** 155,040 0.24 0.16 155,040 0.25 0.17 0.02
8 Sentiment with and without context with £30 days’ time window —3.40 7E-4** 27,750 0.23 0.16 27,750 0.25 0.15 0.03
9 Sentiment with and without context with +7 days’ time window —-1.15 028 300 0.13 0.42 300 0.20 0.41 0.08
10 Sentiment with context before and after strike in China 0.81 0.42 22,050 0.12 0.16 16,140 0.1 0.18 —0.02
1 Sentiment with context before and after strike in DRC 2.13 0.03* 4,080 0.10 0.22 3,810 —0.03 0.29 —0.13
12 RQ#2 and RQ#3  Sentiment with context before and after strike in U.S.A. and Canada 2.55 0.01* 58,890 0.35 0.14 50,070 0.31 0.16 —0.03
13 Sentiment with context before strike between China and DRC 0.54 0.59 22,050 0.12 0.16 4,080 0.10 0.22 —0.02
14 Sentiment with context before strike between China and US.A. and Canada  —13.09 9.85E-37** 22,050 0.12 0.16 58,890 0.35 0.14 0.22
15 Sentiment with context before strike between DRC and U.S.A. and Canada —6.01 1.42E-08** 4,080 0.10 0.22 58,890 0.35 0.14 0.25
16 Sentiment with context after strike between China and DRC 2.69 0.01** 16, 140 0.11 0.18 3,810 —0.03 0.29 —0.14
17 Sentiment with context after strike between China and U.S.A. and Canada —10.06 1.37E-22** 16, 140 0.11 0.18 50,070 0.31 0.16 0.21
18 Sentiment with context after strike between DRC and U.S.A. and Canada —7.16  4.50E-11** 3,810 —0.03 0.29 50,070 0.31 0.16 0.35

*p < 0.05; %xp < 0.01.

$ The sample sizes in Table 4 are 30 times the sample sizes in Table 3 because each assessment was made 30 times.
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Human vs LLM Mean Summary Evaluation Score with 95% Confidence Intervals

Mean Score
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Metric Human_Mean Human_Stdev LLM_Mean LLM_Stdev
Coherence 4.54 0.66 4.89 0.08
Consistency 4.33 0.92 4.95 0.05
Fluency 4.83 0.38 4.98 0.04
Relevance 4.67 0.56 491 0.08
Mean 4.59 0.63 4.93 0.06

Figure 4. Comparison of human and LLM evaluations of LLM-generated summaries across coherence, consistency, fluency, and rele-

vance.

evaluators across all dimensions. This finding is consis-
tent with the original G-Eval study (Liu et al. 2023a).
Regarding the variance, the assessments made by GPT-
4 across the four dimensions exhibit minimal variance,
denoting high inter-rater reliability. There is a more sig-
nificant variability among human raters compared to
the output generated by GPT-4. This variability is antic-
ipated, given the subjective nature of human evalua-
tions and the small size of the human raters’ cohort.
Moreover, the 95% confidence interval for human rat-
ings fully covers the confidence interval for the GPT-
4 ratings despite the relatively small sample size, sug-
gesting that human raters and GPT-4 ratings generally
agree. The relatively large variability in human assess-
ments and the high mean human evaluation scores
resulted in confidence intervals whose upper bounds
frequently exceeded the maximum possible rating of 5
on the measurement scale. Section S4 in the Supple-
mentary Material provides an explicit comparison with
current approaches, highlighting the advancements in
our study.

5.3. Assessment of sentiment scores

Figure 5 illustrates the distribution of sentiment scores
assessed by the LLM and human experts for the six
sampled news articles. Overall, the sentiment scores from
human experts and the LLM demonstrate a similar trend
across each article, despite the scores from human experts
showing greater variability.

To assess the answer to RQ#1 around reliability, we
employed a series of statistical methods to evaluate the
reliability of LLM-generated sentiment scores. This pro-
cess involved comparing the sentiment scores produced
by human experts and the LLM, then examining the
internal consistency within the results from both human
evaluators and the LLM. First, we employed the Intraclass
Correlation Coeflicient (ICC), which measures the level
of agreement or consistency among raters (Miiller and
Biittner 1994). In this study, we used ICC to assess score
consistency across multiple raters, including human and
LLM raters for each sampled article group. For each
sampled news article, we included four sentiment scores
from human experts and four from the LLM, randomly
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Human vs LLM Mean Sentiment Scores with 95% Confidence Intervals
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Article Human_Mean Human_Stdev LLM_Mean LLM_Stdev
1 0.08 0.29 0.09 0.03
2 0.22 0.15 0.2 0.07
3 0.34 0.31 0.77 0.04
4 -0.22 0.15 -0.02 0.13
5 -0.41 0.22 -0.78 0.04
6 -0.26 0.35 -0.31 0.06

Figure 5. Comparison of human and LLM sentiment scores (for six sampled news articles).

Table 5. Intraclass correlation coefficient.

Type ICC C195% F p-value

1CC(1, k) 0.962 [0.89, 0.99] 26.240 6.377E-12
1CC(2, k) 0.962 [0.89, 0.99] 26.628 5.187E-11
1CC(3, k) 0.962 [0.89, 0.99] 26.628 5.187E-11

selected from thirty generated scores. ICC estimates and
their 95% confidence intervals were calculated using
Python Pingouin. Table 5 presents the ICC scores. We
obtained an ICC score of around 0.96, indicating excel-
lent agreement among raters. At the same time, the low
p-value indicates that the agreement observed is statis-
tically significant, meaning that the differences between
human and LLM sentiment analysis results are not due
to random chance.

Using the same evaluation data, a Pearson correla-
tion coefficient of 0.916 was calculated to assess the lin-
ear relationship between sentiment scores from human
experts and those generated by the LLM. This strong
positive correlation indicates that as human evaluators’
sentiment scores increase, the LLM-generated scores also
rise, reflecting a high level of agreement between the

two assessments. This robust correlation further con-
firms that the LLM’s sentiment analysis closely aligns
with human judgments, underscoring its reliability as a
tool for sentiment evaluation.

We also implemented a mixed-effects model to com-
pare sentiment scores provided by human raters and
LLM. We mixed the scores from humans and LLM and
labelled them with the corresponding rater types. A
mixed-effects linear regression model was fitted using the
formula SentimentScore ~ RaterType, with the grouping
factor set to the articles. This allowed us to assess the
impact of rater type (fixed effect) on sentiment scores
while accounting for the variability associated with differ-
ent articles (random effect). Table 6 presents the results of
the fitted mixed-effects linear regression model. Overfit-
ting and model fit metrics were not the primary concerns
in this case, as the model’s role is to reveal if there is a
systematic difference between human and LLM scores.
The mixed-effects model results indicated no statistically
significant effect of rater type on sentiment scores, as
reflected by the coeflicient for rater type (0.048) with a
p-value of 0.444. This coeflicient value also means LLM



Table 6. Mixed-effects model results.

Coefficient  Std Err z P> |z| Cl195%
Intercept —0.044 0.151 —0.291 0.771 [-0.339,0.251]
RaterType[T.LLM]? 0.048 0.063 0.766 0444 [—0.075,0.171]
Group Var® 0.124 0371

@Represents the effect of the LLM as compared to the reference category
(human) in the RaterType variable.

bRepresents the estimated variance attributed to the random effect for Article,
which is the grouping variable.

Table 7. Inter-rater reliability for expert sentiment evaluation.

Metric Value

Mean of item mean —0.060
Mean of item variance 0.422
Mean of inter-item covariance 0.133
Cronbach’s alpha 0.764

tends to rate sentiment slightly higher than humans (by
0.048 points on average, which is 2.4%), but this dif-
ference is not statistically significant. This suggests that
the sentiment scores generated by the LLM do not differ
significantly from those assigned by human raters. The
group variance of 0.124 indicates variability among arti-
cles but does not contribute to a significant difference
in sentiment scores based on rater type. Overall, these
results imply that the LLM’s sentiment assessments are
comparable to those of human evaluators, demonstrat-
ing reliability in the LLM’s performance in this context-
driven sentiment analysis approach.

We further assessed the inter-reliability within human
and LLM ratings separately. Table 7 presents the inter-
rater reliability assessment of expert responses in eval-
uating sentiment scores measured through Cronbach’s
alpha. This metric was calculated across all survey items
related to sentiment scores, including six factors (cobalt,
batteries, EVs, market conditions, supply chain, and
country) and the overall sentiment score included in
the survey. The reliability coefficient, Cronbach’s alpha
(0.764), signifies an acceptable level of internal consis-
tency within this human expert sentiment evaluation,
surpassing the 0.7 threshold typically required in social
sciences for reliable measurement.

Additionally, the mean inter-item covariance of 0.133
suggests a moderate coherence in sentiment among
items, indicating that experts’ ratings on one item exhibit
a degree of commonality with ratings on others, thereby
facilitating an integrative analysis of sentiment patterns
across the evaluation’s domains. Similarly, we calcu-
lated Cronbach’s alpha for the LLM-generated sentiment
scores on the same sampled articles. With thirty runs
per article, Cronbach’s alpha was 0.999, and when using
a randomly selected subset of four runs, the value was
0.996, both indicating an acceptable level of internal con-
sistency. The calculated Cronbach’s alpha values suggest
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that human raters and LLM consistently analyse news
sentiment within their groups.

5.4. Interpretability of “summary of summaries”

To enhance the manageability and actionability of the
extensive data accessible to decision-makers, we devel-
oped a "summary of summaries" approach. Given the
considerable volume of information, it is impractical
for managers to review each summary comprehensively.
Consequently, aggregated "summary of summaries" were
formulated to distill insights into concise and inter-
pretable formats, facilitating informed decision-making,
consistent with Mayande et al. (2024). These aggre-
gated summaries encapsulate the essence of the collected
data while preserving the essential nuances for follow-up
strategic planning.

Comparative analyses conducted within countries
(Table 8(a)) indicate significant alterations in public sen-
timent before and after the specific truck strike event.
The mean sentiment score in China reflects a marginal
decline from 0.124 to 0.105; however, this difference is
not statistically significant. This slight shift underscores
an increased awareness of the vulnerabilities within
the SC and the necessity for resilience in procuring
critical minerals. The sentiment observed post-event
reveals concerns regarding the potential worsening of
pre-existing issues in the SC for critical minerals, particu-
larly those stemming from labour strikes. In contrast, the
DRC demonstrates a more considerable reduction in sen-
timent, decreasing from 0.101 before the event to —0.032
following it, constituting a statistically significant differ-
ence. This shift is associated with prior optimistic pro-
jections concerning technological advancements, such as
the development of cobalt-free batteries, which could
affect both cobalt demand and pricing, thereby poten-
tially diminishing the DRC’s bargaining position. In the
aftermath of the event, the strike intensified prevailing
anxieties related to the DRC’s mining sector, explicitly
surrounding instability, thereby complicating the pursuit
of ethical and sustainable cobalt mining practices. For
the U.S.A. and Canada, sentiment experienced a modest
decline from 0.347 to 0.314 following the event, with this
difference deemed statistically significant. This decrease
is attributed to an enhanced awareness regarding the
dependence of the SC on transportation networks and
the implications of the strike, which accentuates vulnera-
bilities within production and distribution processes that
may provoke price surges and delays, especially in the
context of EV manufacturing.

To assess answers for RQ#2 and RQ#3, we set up cross-
national comparisons. These nations represent three dif-
ferent echelons of the cobalt SC, as shown in Figure 2



Table 8. Sentiment results and allied interpretations: (a) within-country comparisons, and (b) across-country comparisons.

(a) Within-country Comparisons

IV 13 YWXITO0r N e 8l

Before After . .
Difference in
Sentiment Sentiment sentiment Difference Explanations for the difference in sentiment means based on interpretation of "summary of

Scenario (within country) mean mean mean significant summaries"

China (Before vs. After) 0.124 0.105 —0.019 No #After event - Time lag view: "There is a sense of urgency and growing awareness of the need to
secure a more resilient supply chain for critical minerals".

#Truck strike impact mentioned (i.e., strike could exacerbate existing SC vulnerabilities).

DRC (Before vs. After) 0.101 —0.032 —0.133 Yes «Before event - Technological advancements perspective: "The development of cobalt-free or

low-cobalt batteries could significantly impact cobalt demand and prices, reducing DRC's leverage".
«After event — Truck strike mentioned, and the DRC vulnerabilities highlighted: "The DRC remains
vulnerable to instability and corruption, making it difficult to ensure ethical and sustainable cobalt
mining practices".

U.S.A. and Canada (Before vs. After) 0.347 0314 —0.033 Yes «After event — Truck strike mentioned, and SC vulnerabilities emphasised: "The reliance on
transportation networks highlights the vulnerability of global supply chains to disruptions (...) leading
to price spikes and delays in EV production".

(b) Across-country Comparisons

Country 1 Country 2 Difference in
Sentiment Sentiment sentiment Difference

Scenario (across country) mean mean mean significant Explanations for the difference in sentiment means based on interpretation of "summary of summaries”

China vs. DRC 0.105 —0.032 —0.137 Yes *China — Concerns about country’s dominance in the field: "China’s dominance raises concerns about
the potential for supply chain disruptions, price manipulation, and geopolitical leverage".

*DRC - In general DRC own instability, also affected by the price manipulation, and geopolitical
impacts.

China vs. U.S.A. and Canada 0.105 0.314 0.209 Yes *China - Cost competitiveness perspective: "China’s established infrastructure and processing
capabilities, along with its use of lower-cost labour and less stringent environmental regulations,
make it difficult for Western companies to compete on price".

%U.S.A. and Canada - Attempts to find the substitutes for cobalt in battery chemistry: "Companies
are exploring new battery technologies such as lithium-iron phosphate batteries and sodium-ion
batteries".

DRCvs. U.S.A. and Canada —0.032 0314 0.346 Yes *DRC - Concerns over responsible sourcing of cobalt in DRC. Energy transition challenges: "The

global demand for cobalt is expected to continue increasing as the world transitions to clean energy
technologies".
%U.S.A. and Canada - Recycling opportunities: "Companies are developing innovative recycling
technologies to recover cobalt from end-of-life batteries, minimising reliance on mining".




(with DRC focused on mining, China focused on pro-
cessing and manufacturing, and the U.S.A. and Canada
focused on assembly). There is clear evidence of infor-
mation asymmetry across these echelons, as shown both
in the results (i.e., in Table 3, with differing sample sizes)
and in the "summary of summaries" analysis (i.e., in
Table 8(b) data and explanation about how the informa-
tion about truck strike disruption propagated). Table 8(b)
offers valuable insights into each region’s distinct chal-
lenges and strengths in managing its role within the
global SC of critical minerals. The comparison between
China and the DRC revealed a notable sentiment gap,
with a post-event difference of —0.137, which is statis-
tically significant. While China’s predominance in the
cobalt SC raises concerns regarding potential disruptions
and geopolitical influence, the DRC’s difficulties are more
closely linked to internal instability and external price
manipulation, further complicating its position in the
market. Moreover, the comparison between China and
the U.S.A. and Canada showed a significant difference in
sentiment (0.209), as China capitalises on cost advantages
attributed to its established infrastructure, lower labour
costs, and more lenient environmental regulations, pos-
ing challenges for Western companies to compete effec-
tively on price. Conversely, the U.S.A. and Canada region
is proactively exploring alternative battery technologies,
including lithium-iron phosphate and sodium-ion bat-
teries, to reduce reliance on cobalt. Finally, the compar-
ison between the DRC and the U.S.A. and Canada indi-
cated the most significant sentiment gap (0.346), high-
lighting the DRC’s concerns regarding responsible cobalt
sourcing amid global demands for ethical practices. In
contrast, the U.S.A. and Canada region emphasises cobalt
recycling technologies to recover cobalt from used batter-
ies, which could mitigate reliance on mining and offer a
sustainable path forward in the global energy transition.
Figure 6 provides additional details on the trend of sen-
timents by showing the monthly average sentiment shifts
by region over the 12-month time window, with and
without contextualising news summaries for sentiment
analysis. The analysis presented in Figure 6 is discussed
in Appendix 3 for comprehensive reference and detailed
examination.

6. Discussion

This section elucidates the principal findings perti-
nent to our approach to sentiment analysis within the
domain of critical mineral SCs. First, we outline man-
agerial decision-making opportunities stemming from
our research. Subsequently, we examine the theoretical
contributions of our research. Moreover, we underscore
the importance of human oversight to guarantee expert

INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH . 19

alignment with automated outcomes. We finally discuss
limitations and future research avenues.

6.1. Decision opportunities

Insights from our survey of critical mineral SC stake-
holders, conducted during the 2024 Cambridge Critical
Mineral Supply Chain Resilience Workshop’, were reve-
latory about the role of LLM-driven sentiment analysis
in SC decision-making. The implications of employing
sentiment analysis in decision-making within SCs are as
follows.

First, sentiment analysis can serve as an early warn-
ing system for SC managers to identify bottlenecks and
vulnerabilities. By monitoring sentiment trends, man-
agers can foresee upstream disruptions (e.g., a DRC truck
strike or geopolitical tensions) propagating to midstream
and downstream operations. To a greater extent, CESCSS
integrates long-context LLMs to capture the pathways
through which disruptions propagate. For example, a
delay in the DRC’s cobalt extraction could generate neg-
ative sentiment among midstream processing facilities
in China, signalling potential bottlenecks before they
escalate into production delays downstream. This predic-
tive capability resembles techniques employed in light-
ning equipment SCs, where ripple effect modelling can
enable managers to mitigate systemic risks by identifying
and preempting vulnerabilities (Ivanov 2020). Therefore,
as an example, if the sentiment is positive (negative),
then managers can better understand the mechanism
behind forecasts that alter the demand upwards (down-
wards) and adjust stocking decisions, order sizes, and
capacity allocation accordingly. The latter aligns with
the informants’ perspective in the critical mineral SC
survey:

Sentiment about buying behaviours of customers could
affect inventory management policies - for example,
stocking decisions, order size, and capacity allocation.
[Informant #17]

Secondly, businesses ought to incorporate consumer
sentiments regarding environmental, social, and gover-
nance downstream SC concerns into their operational
frameworks and invest in initiatives that resonate with
customer preferences, such as ethical sourcing, transpar-
ent sustainability reporting, and sustainable manufactur-
ing practices. In this spirit, an industry professional also
stressed that:

News on human rights/ESG violations can reduce a com-

pany’s stock price, with the market anticipating fines and

additional costs (e.g., increased due diligence). [Infor-
mant #17]

Third, financial analysts and businesses could inte-
grate real-time sentiment and market signals into risk
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Figure 6. Monthly average sentiment shifts by region over 12 months, with and without contextualising news summaries for sentiment

analysis.

assessment models to assess the potential impact of end-
to-end SC disruptions on commodity valuation, e.g.,
shipping rates and insurance trends can act as proxies for
understanding cost increases due to SC bottlenecks. One
of our informants indicated that:

Potential disruptions lead to potential costs, hence
impacting the valuation of the commodities via quota-
tion of shipping rates of impacted companies and insur-
ers, etc. [Informant #1]

In addition, financial analysts can leverage sentiment
analysis to refine valuation models for critical mineral
commodities and navigate market cycles more effec-
tively, balancing immediate opportunities with long-term
strategies. For instance, during pricing booms like the
lithium surge, analysts could focus on short-term market
opportunities while preparing for potential corrections.
As one industrial professional stated:

Market valuation (particularly on critical mineral com-
modities) is influenced by the combined effects of com-
modity pricing and supply chain sentiment. See the
lithium boom and subsequent crash in pricing. Cur-
rently, where commodity pricing is strong, other drivers
remain largely irrelevant, including ESG issues, etc.
[Informant #24]

Fourth, the proposed CESCSS framework opens
opportunities for policy scrutiny surrounding the cobalt
SC, for instance, into sustainability, ethical sourcing prac-
tices (e.g., child labour usage), pricing dynamics, and
operational resilience (Zhang, Aydin, and Parker 2022).
Also, the sentiment analysis of public opinion can sig-
nificantly contribute to formulating policies that address

sector-specific structural challenges via devising diplo-
matic and economic strategies that mitigate disruptions
and enhance resilience in regions that are essential
to the global SC. Indicatively, an industry professional
observed:

Policymakers may need to make decisions based on news
that is making them look bad politically, which may
not be in the best interest of the industry/supply chain
resilience. [Informant #48]

Opverall, the CESCSS framework would enable organi-
sations to set up real-time applications and threshold
policies for triggering decisions by maintaining up-to-
date datasets and establishing baseline interpretations of
critical mineral SC scenarios. We underscore the role
of interpretability, enabled through summaries, as an
essential element of decision-making based on data from
complex analytical techniques. Recent research high-
lighted the need for data-driven explanations of disrup-
tive events to support decisions for SC resilience (e.g.,
Baryannis et al. 2019; Kosasih and Brintrup 2024). In
this regard, the proposed CESCSS framework could effec-
tively bridge the gap between descriptive analytics and
actionable decision-making, providing SC stakeholders
with a pragmatic mechanism to manage risks and bolster
resilience. Interpretability would allow for agile responses
to unforeseen critical minerals-related risks, empowering
organisations to proactively adjust their SC configuration
strategies and allied economic outcomes.

In terms of societal relevance, by implementing con-
tinuous sentiment analysis and factor-specific mon-
itoring, for instance, concerning child labour and



environmental impacts, organisations and institutions
can monitor real-time fluctuations in sentiment and
promptly address public and investor concerns. There-
fore, decision-makers could adapt their interpretations
swiftly upon the emergence of new data, facilitating expe-
dited anomaly detection and response in harmony with
the imperative of ethically and sustainably sourced criti-
cal minerals.

6.2. Pathways for theoretical contributions

From a theory development perspective, our framework
and allied results delineate pathways that are analogous
to the process outlined in a recent investigation for sig-
nal asymmetry on diversity, equity, and inclusion perfor-
mance in SC (Li et al. 2024) based on text analyses of
endogenous announcements by 161 firms. Bollen, Mao,
and Zeng (2011) highlighted the predictive capability
of collective sentiment when it aligns with contextual
changes, thereby reinforcing the importance of context
in such analytical evaluations. Li et al. (2024) introduced
two differentiated constructs based on data generated
(endogenously) by firms: signal strength and signal speci-
ficity. Further, the authors argued that firms should man-
age each construct to yield better capital market out-
comes. In difference with Li et al. (2024), the source of
news in our approach is exogenous, and the resulting sen-
timents (as indicated by the survey outlined in Section
3) may affect the mental models for SC decision-makers
around how demand is predicted, risk is managed, or the
capital market ascribes value. The need to explain the
mechanisms behind these mental models and subsequent
decisions opens theory questions. For instance, what are
the mechanisms that lead to contextual factors playing a
significant role (e.g., sentiment in China compared to the
U.S.A. and Canada vs. the DRC) while evaluating shifts
in sentiments across various SC echelons?

In Tables 3 and 4, for instance, Scenario 14 com-
pares sentiment before the strike between China (sam-
ple size = 735) and the US.A. and Canada (sample
size = 1,963), revealing a highly significant difference in
sentiment (p-value = 9.85E-37). This indicates that sen-
timent in China is significantly more negative than in
the U.S.A. and Canada, reflecting the contrasting eco-
nomic expectations and stability in these regions. Simi-
larly, Scenario 15 compares sentiment before the strike
between the DRC (sample size = 136) and the U.S.A. and
Canada (sample size = 1,963), with a p-value of 1.42E-
08. This significant difference shows that sentiment in
the DRC is notably lower, possibly due to the instabil-
ity and challenges faced by the DRC’s cobalt mining
sector. In the post-strike period, Scenario 16 compares
sentiment between China (sample size = 538) and the
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DRC (sample size = 127), with a significant positive dif-
ference (p-value = 0.01), suggesting that sentiment in
China remains relatively stable and positive compared to
the DRC, which experiences a significant decline in sen-
timent due to the disruptions caused by the truck strike
and ongoing instability in cobalt production. These shifts
can beget the need to explain the sentiments associated
with signal strength and specificity explored by Li et al.
(2024), leading to the following proposition:

Proposition #1 - Contextual factors and the specificity
of exogenous signals significantly influence news senti-
ment estimated by LLM.

In addition, precision in sentiment analysis is par-
amount for theory development, especially when inter-
preting context to inform resilience strategies within a
complex SC environment affected by critical external
and internal disruptions. Sentiment shifts are a dynamic
aspect of communication, particularly in complex dis-
cussions like SCs, where emotional tone may change in
response to evolving circumstances. Stakeholders often
express fluctuating sentiments in SCs due to disruptions,
uncertainties, and changing market conditions. Although
the shifts in sentiment may be minimal, the asymmetry
signals an inability to observe changes with precision (Wu
2023). Our statistical analyses in Tables 3 and 4 demon-
strate the high accuracy (to the order of 1072) with which
shifts in sentiments within corpora can be captured, illus-
trating significant impacts and emphasising the intricate
ways context influences sentiment trends. As a result, we
have the following proposition:

Proposition #2 — The precision of sentiment analysis
carried out by LLM, enhanced by contextual data inter-
pretation based on summaries, significantly improves the
ability to identify and assess sentiment shifts aimed at
developing effective resilience strategies in complex SC
environments before, during, and after disruptions.

Moreover, understanding sentiment shifts through-
out SC processes can provide valuable insights into the
decision mindset within SCs and the diverse stakehold-
ers’ perspectives, ultimately helping tackle information
asymmetry challenges across operations echelons. Sen-
timent spikes across SC echelons can inform recon-
figurations to prioritise stabilising upstream operations
or securing alternative supply routes. Natural language
processing-based sentiment analysis was used during
the COVID-19 pandemic and the Ukraine-Russia War,
enabling proactive measures in SC management to effi-
ciently plan inventories and allocate resources at the
organisational capacity (Sadeek and Hanaoka 2023). The
proposed CESCSS framework helps mitigate informa-
tion discrepancies by analysing sentiment changes across
SC echelons. For post hoc analysis, we asked executives
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and policymakers to comment on the implications of the
signalled asymmetry between China and the U.S.A. and
Canada (as shown in row 2 of Table 8(b)). They sug-
gested that these differences could significantly influence
SC decision-making strategies, particularly in the areas of
market valuation, demand prediction, and risk manage-
ment. In the case of the U.S.A. and Canada, for example,
they mentioned that "consumer interest around supply
chain decarbonisation and environmentally friendly prod-
ucts would impact market valuations" [Informant #38]. If
there are sentiments that new battery technologies are
experiencing significant breakthroughs, "financial mar-
kets may respond by driving prices upward" [Informant
#48]. On the other hand, China’s focus on cost efficiency
may stabilise valuations but make them vulnerable to
regulatory changes. Executives also mentioned that this
asymmetry might lead SC managers to "start collecting
data from multiple sources to be able to assess risk, com-
pliance issues, and regulatory challenges" [Informant #37].
To this end, we posit that:

Proposition #3 - Information asymmetry across SC ech-
elons exacerbates LLM estimated sentiment shifts, and
an increase in asymmetry is associated with an increase
in the variance of the predicted sentiments.

These three propositions feature measurable con-
structs and are amenable to follow-on industry studies
using LLMs and analytical extensions, such as identifying
decision thresholds for the variety of decisions outlined
in Section 6.1.

6.3. Human scrutiny for reliability and
interpretability

Multidimensional reliability testing, exemplified using
several statistical tests and metrics like Cronbach’s alpha,
requires the simultaneous evaluation of multiple factors.
To validate the news article summary and news senti-
ment score generated by Gemini 1.5 Flash, we imple-
mented a comprehensive two-part expert validation pro-
cess. The qualitative assessment conducted by the experts
sought to confirm that the summaries generated by
the LLM adhered to high standards of readability and
interpretability, thereby facilitating effective downstream
analysis. Determining the appropriate level of human
involvement in these evaluations is a critical managerial
choice. While the participation of eight trained evalua-
tors may initially appear limited, their extensive academic
backgrounds and targeted training effectively mitigate
interpretative variability (Landis and Koch 1977). Each
evaluator conducted their assessments independently to
avoid bias; however, the cognitive demands of evaluat-
ing multiple parameters and contextual layers underscore

the inherent limitations of human scrutiny. Challenges
in interpretation notably arise when distinguishing sen-
timent shifts influenced by interdependent factors, such
as cultural and regional variables. These challenges high-
light the cognitive burden individuals experience in sen-
timent analysis, mainly when tasked with discerning
meaning across thousands of texts — a complexity that
Reinforcement Learning from Human Feedback may
assist with.

6.4. Limitations

Our approach does not fix the hallucination problem
in a foundational LLM model. Instead, we put in a
scrutiny mechanism and facilitate ‘multi-shot’ learning
within the prompt engineering process (Chen et al. 2023).
However, given the sampling approach employed for
interpretation, there remains a possibility that system-
atic bias could be introduced, potentially eluding detec-
tion through the human-centred elements of our pro-
cess. The second notable limitation of our approach in
applying LLMs for summarisation and sentiment anal-
ysis is the potential loss of salient information within
extensive context windows. As underscored by Liu et al.
(2023b), LLMs frequently encounter difficulties in effec-
tively retrieving critical information embedded within
the central sections of lengthy text passages. Contempo-
rary LLMs often prioritise information at the introduc-
tion or conclusion of a text, which may lead to the acci-
dental omission of vital data elsewhere within the main
corpora body.

Furthermore, a technical report from Google regard-
ing the performance of the Gemini 1.5 Pro model further
elucidates this limitation. Specifically, when using shorter
context lengths, Gemini 1.5 Pro performs better in the
‘Needle in a Haystack’ test to evaluate the model’s recall
of specific sentences (Gemini Team 2024). As the context
length extends towards one million tokens, recall rates
diminish to approximately 60%, signifying that nearly
40% of pertinent information may be ‘lost’ as the model’s
ability to retain context diminishes.

An additional limitation emerges from the varia-
tions in data sources, particularly the disparities between
datasets in English and those in other languages. While
this study predominantly utilises a dataset comprising
approximately 5,168 English-language texts, a compa-
rable collection from Hamborg, Meuschke, and Gipp
(2020) consists of another 10,000 articles in various
languages. Relying predominantly on English-language
datasets engenders a regional bias, as most news sources,
such as CNN, Reuters, and BBC, are predicated in
Western nations rather than on local media establish-
ments in regions such as the DRC or China, where



alternative languages are utilised. This circumstance may
distort interpretations of perspectives and trends preva-
lent within specific foreign cultural, political, or geo-
graphic contexts as opposed to those of the local popula-
tions. Addressing these limitations is crucial for improv-
ing the approach’s performance in information retrieval
within extensive context windows and ensuring balanced
cultural representation across diverse linguistic datasets.

6.5. Futureresearch

Further research should also investigate the scalabil-
ity and adaptability of LLM-based sentiment analysis
across multilingual corpora. Since news articles and
stakeholders’ communication frequently exist in mul-
tiple languages, integrating translation models with
sentiment analysis could enhance the robustness of
insights in a global SC setting. Another interest-
ing research avenue is mitigating hallucinations and
biases in Al-driven sentiment assessments. While this
study incorporates human validation mechanisms, it
could benefit from more sophisticated techniques. These
include RLHF and hybrid AI-human decision-support
systems, which may further improve interpretability and
reliability. Finally, exploring real-time sentiment mon-
itoring for predictive decision-making offers an excit-
ing opportunity. Implementing a dynamic, continu-
ously updated framework could enable SC managers to
respond proactively to disruptions by integrating live
data streams from news outlets, financial markets, and
social media. For example, our CESCSS framework could
be applied to analyse the impact of the ongoing stream of
announcements regarding tariff impositions on exchange
rates (Matveev and Ruge-Murcia 2024) and global sourc-
ing (Zhang, Dabadghao, and Udenio 2025) in critical
resource SCs. For instance, our CESCSS framework pro-
vides feedback in aggregate, as shown in Figure 1. It
is possible to provide feedback based on either factor
analysis or segments (e.g., by country). This represents
a potential improvement for the CESCSS framework,
which would facilitate its adaptation to specific factors
or countries. Investigating how real-time insights affect
SC resilience strategies and market behaviours would
enhance the practical applicability of Al-driven senti-
ment analysis in Operations Management.

7. Conclusion

The absence of information sharing among multi-
echelon SC stakeholders reduces efficiency due to infor-
mation deficiencies, which affects trust (Inderfurth,
Sadrieh, and Voigt 2013). Utilising LLMs and summaries
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for sentiment analysis addresses this issue of informa-
tion asymmetry and deficits in the following ways. Data
and inferences from LLMs are being developed and are
being scrutinised in different academic disciplines. We
presented an exploratory study to employ an LLM to
assess SC sentiments and to interpret shifts associated
with such sentiments in the event of disruption. Cur-
rent approaches to SC sentiment analysis predominantly
rely on lexicon-based or traditional machine learning
approaches, limiting their ability to capture contextual
nuances effectively. An LLM with a long context window
offers the opportunity to incorporate contextual informa-
tion into sentiment analysis. However, we caution against
treating LLMs as ‘black boxes’. Context, interpretation,
and human feedback are essential for accurate senti-
ment assessment and for buy-in from stakeholders. The
CESCSS framework effectively extracts context and senti-
ment utilising LLMs, potentially aiding decision-making
for improving SC resilience (Cohen et al. 2022; Craig-
head et al. 2007). Our work can complement existing
analyses of cost-effective countermeasures to SC disrup-
tions (Simchi-Levi, Trichakis, and Zhang 2019). We see
the CESCSS framework as a first step toward integrat-
ing extensive text data into meaningful SC observations,
tackling hallucination challenges while acknowledging
the need to address its limitations and pursue further
theoretical investigations.
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Appendices

Appendix 1. Research context

Table A1. Prompt template for generating context.

Prompt template for generating context (summary) from individual
news prior to the truck strike event with Gemini 1.5 Flash

Write a summary of this news article in the context of cobalt and supply
chains: ‘article’.

Prompt template for generating context (summary) from individual

news after the truck strike event with Gemini 1.5 Flash
Write a summary of this news article in the context of cobalt and supply

chains and/or truck strike: ‘article’.

Appendix 2. Sentiment analysis process

Article summary use approach

The article summary is integral to the CESCSS framework
proposed in this study. Summaries serve as a preprocessing
mechanism to provide contextual information before the LLM
generates sentiment data (refer to Step 5 in Figure 1). Instead
of feeding full articles directly into the LLM for sentiment
evaluation, summaries were generated first to capture the key
contextual elements of the text and are then used as inputs for
sentiment analysis, ensuring that the LLM’s sentiment scoring
is based on relevant information rather than less critical content
within lengthy articles.

wTable 2 presents the prompt template used in Gemini 1.5
Flash for sentiment analysis, utilising the article summary as
context. For instance, the sentiment of a pre-event article on
cobalt oversupply and price decline is generated using the fol-
lowing prompt: ‘Given the context: ‘The cobalt market is facing
a significant supply glut due to increased production from
Indonesia and Africa (...)’, analyse the sentiment of the follow-
ing texts: ‘article’. Provide a sentiment score ranging from —1
to 1 (inclusive). Please only print (...)".

This approach is supported by the Syntactic and Seman-
tic Attention Summary (SSAS) methodology (Mayande et al.
2024), which emphasises using summaries to structure and
guide LLM-based sentiment analysis. Additionally, the sum-
mary process facilitates human intervention, allowing experts
to review and refine the context before sentiment assessment.
This reduces potential hallucinations and improves the relia-
bility of sentiment results.

Sentiment score validation process

The sentiment scores were validated using a structured
approach that integrated expert assessments and statistical
validation to ensure reliability and interpretability. The valida-
tion process comprised three key steps.

First, we assessed the reliability of sentiment scores through
human expert evaluations. Eight trained SC experts were pro-
vided with a sample of six news articles and their correspond-
ing LLM-generated sentiment scores. The sample included all
three regions and represented negative, neutral, and positive
sentiments to ensure the LLM’s consistency across different
article types. The experts independently assessed sentiment
based on six key factors relevant to the cobalt SC, which
were derived from factor analysis (or, more precisely, topic
extraction), notably Principal Component Analysis and Latent
Dirichlet Allocation. Their sentiment classifications (negative,
neutral, or positive) were then converted into numerical scores
for quantitative comparison with LLM-generated outputs.

Second, statistical validation was performed to compare the
sentiment scores generated by human experts and those pro-
duced by the LLM. This comparison involved calculating the
intraclass and Pearson correlation coefficients. Furthermore, a
mixed-effects linear regression model was employed to evaluate
the influence of the rater type (human vs. LLM) on sentiment
scores, ensuring that any systematic biases could be identified.

Third, inter-rater reliability among human evaluators was
examined using Cronbach’s alpha to ensure consistency across
human ratings and strengthen the reliability of the findings.
In general, by integrating human assessments with statisti-
cal validation, the sentiment scores generated by the CESCSS
framework were found to be both reliable and interpretable.

Appendix 3. Sentiment shifts’ timeline

Figure 6 depicts monthly sentiment trends across the three
regions (i.e., DRC, China, and U.S.A. and Canada) over a 12-
month period centred around a truckers’ strike event in the
DRC on the 7th of November 2023. The analysis presents two
approaches: conducting the sentiment analysis with and with-
out news article summaries as the context, tracked from six
months before to six months after the event. The monthly
sentiment was calculated using a one-month rolling window,
starting from the event date. For example, +1 months reflects
the average sentiment of news published between the 7th of
November and the 7th of December 2023, while +2 months
corresponds to news published between the 7th of December
2023 and the 7th of January 2024.

Temporal dynamics highlight the evolving nature of senti-
ment around the event. In the DRC, sentiment scores exhibit
an increase approximately one month before the event, with
several positive news items like the development of trans-
portation corridors, followed by a substantial and sustained
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decline in the post-event period. Meanwhile, sentiment trends
in news coverage from China, and the U.S.A. and Canada,
remain relatively steady, with only slight negative shifts after
the event. The pre-event period showed relatively stable pat-
terns across all regions, while the post-event period revealed
increasing divergence, particularly in the DRC’s sentiment tra-
jectory compared to other regions. This suggests that the truck-
ers strike had a lasting negative impact on local sentiment in
the DRC while having limited influence on sentiment in other
regions.

The results also reveal notable regional variations in senti-
ment trends. News coverage from the DRC demonstrates con-
siderable volatility, with sentiment scores showing a noticeable
decline from positive to negative following the event. China’s
sentiment trajectory displayed moderate variability within the
analysed timeframe, generally maintaining a neutral level, with
slightly more stable patterns than the DRC but more fluctuation
than the U.S.A. and Canada regions. All these observed pat-
terns are expected, as the truckers’ strike occurred in the DRC,
directly disrupting local logistics and cobalt s shipments. China
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was moderately affected as the immediate echelon in the cobalt
SC and the primary processor of DRC’s minerals. In contrast,
as downstream consumers, the U.S.A. and Canada experienced
less immediate impact in this case.

The comparison between context-based and context-free
sentiment analysis demonstrates the enhanced sensitivity of
context-aware approaches in detecting sentiment fluctuations
related to the DRC truckers’ strikes. The context-based anal-
ysis exhibited greater variance in sentiment values across
all regions, which is particularly evident in the DRC. This
increased sensitivity is most observable during critical peri-
ods, such as the sharp sentiment spike one month before
the event and the subsequent decline in the DRC. Although
both methodologies followed similar directional trends, the
context-enhanced approach seemed more effective at detect-
ing subtle shifts in news sentiment, even when aggregat-
ing sentiment over a period, which typically smooths out
smaller changes. This offers a more detailed understanding
of how the strikes’ impacts were perceived across different
regions.
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