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A Consumer-Centric Framework for Measuring
Product Obsolescence Using User-Generated

Content and Large Language Models:
Evidence From IoT Devices

Mohamadreza Azar Nasrabadi , Yvan Beauregard , and Amir Ekhlassi

Abstract—Identifying product obsolescence factors is essential
for guiding sustainable design and extending product longevity. Un-
like prior studies, this research leverages online consumer reviews
to explore product obsolescence factors. First, ChatGPT-4o, an ad-
vanced pretrained large language model, is utilized to identify these
factors. User-generated content (UGC) time series-based product
obsolescence indexes are then defined to quantify each factor’s
impact, offering a UGC-based complement to earlier methods that
depended on expert judgment, supplier input, or survey data.
By leveraging real-time customer insights, this approach aligns
with Industry 4.0 principles, offering a UGC-based method that
can support engineering managers to proactively address product
obsolescence. It integrates factors’ relative importance, determined
through frequency–analytic hierarchy process (Freq-AHP), with
their severity impact on consumers, assessed using the robustly
optimized bidirectional encoder representations from transformers
approach. This is further supported by a robustness check, where
small perturbations were applied to sentiment intensities and all
indices recalculated, confirming the aggregated obsolescence index
remained stable across all product categories. This study focuses
on consumer Internet of Things (IoT) devices, an area underex-
plored in existing literature, analyzing 47 695 online consumer
reviews across nine product categories and selecting 4771 online
obsolescence-related reviews for detailed analysis. Findings reveal
19 key factors and demonstrate a fundamental shift in obsolescence,
indicating that product obsolescence of consumer IoT devices is
increasingly driven by adaptability, interoperability, and digital re-
silience rather than physical durability. These insights demonstrate
the potential of the proposed approach to inform product obsoles-
cence mitigation strategies and guide more resilient, user-centered
design in IoT ecosystems.

Managerial Relevance Statement—This study provides engineer-
ing managers and policymakers with a practical, data-driven
framework to address product obsolescence in consumer IoT
devices by leveraging user-generated content and analyzing it with
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large language models. They can detect emerging obsolescence
drivers, assess and prioritize their impact, and translate these
insights into evidence-based design improvements. A major contri-
bution is the creation of dynamic product obsolescence indexes that
enable engineering managers to continuously monitor obsolescence
factors based on real consumer experiences. The study highlights
that while some drivers are consistent across all product categories,
others are unique to specific types of products, allowing for more
precise and context-aware strategies. Findings also reveal over-
looked drivers associated with user experience and business models
that extend beyond technical specifications, indicating that obsoles-
cence is shifting from being primarily determined by physical dura-
bility toward factors related to a device’s capacity to integrate with
evolving technologies, maintain compatibility across platforms, and
sustain reliable performance. This broader understanding enables
policymakers to develop more adaptive and forward-looking policy
responses. This article also contributes to the following sustainable
development goal (SDG): SDG 12.

Index Terms—Internet-of-Things (IoT), large language models
(LLMS), online consumer review, product obsolescence, user-
generated content (UGC).

I. INTRODUCTION

PRODUCT obsolescence poses environmental and social
challenges by depleting nonrenewable resources and in-

creasing waste from production and disposal [1], [2]. Obso-
lescence can be understood as the point at which a product
no longer offers sufficient usability or appeal, whether due to
design decisions, rapid technological shifts, or changing social
expectations, ultimately leading users to abandon it prematurely
[2], [3]. While manufacturers once prioritized high-quality and
durable products [4], technological advancements now drive
them to introduce feature-enhanced models to boost sales and
meet consumer requirements [5], [6]. This shift has shortened
product lifespans, rendering products obsolete through mass
production, even when they remain functional [7].

The rapidly growing electrical and electronic equipment
(EEE) sector shows this problem clearly. Although electronic de-
vices play a vital role in modern society, the processes associated
with their production, consumption, and disposal are environ-
mentally unsustainable and contribute significantly to ecological
degradation [8], [9]. Rapid technological advancements [10], a
competitive market [11], and evolving consumer preferences
drive frequent replacement of EEE devices with newer models
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[2], [12]. Over the past two decades, the rapid growth of the
EEE sector has accelerated product obsolescence, significantly
increasing electronic waste (E-waste) in developed countries
[13]. In 2019, E-waste totaled 53.6 million tonnes (Mt), a 21%
rise over five years, and is projected to reach 74.7 Mt by 2030
[14]. With E-waste growing at over 4% annually and global EEE
consumption increasing by 2.5 Mt per year, the rising prevalence
of EEE products has led to extensive research on obsolescence
to address the escalating E-waste challenge [15].

Existing research on EEE product obsolescence has mainly
focused on specific contexts, such as smartphones [16], [17],
[18], laptops, and nonsmart home appliances [6], [19], [20],
and also applications in aviation, aerospace, and military sectors
[21], [22], [23]. However, these studies often lack broader appli-
cability due to their industry-specific scope. With the increasing
integration of consumer IoT devices in daily life, understanding
their obsolescence drivers has become critical, as these devices
provide a suitable context to investigate whether obsolescence is
caused solely by physical failures or by broader functional and
ecosystem-level factors. Instead of relying on time-consuming
and costly methods [24] such as consumer interviews [25], [26],
expert interviews [27], and surveys [28], [29], this study analyzes
47 695 online reviews of consumer IoT devices collected from
Amazon.com and BestBuy.com. These reviews are categorized
into smart speaker and display, smart lighting, smart thermostats,
smart security systems, smart kitchen appliances, smart climate
control, smart entertainment systems, smart blinds, and smart
health devices. To identify product obsolescence factors, the
advanced pretrained large language model (LLM) ChatGPT-
4o, which outperformed Claude-3 Opus and Llama 3 in de-
tecting product obsolescence-related reviews in this study, is
employed to analyze 4771 online reviews. The study then de-
fines user-generated content (UGC) time-series-based product
obsolescence indexes to quantify the impact and shifts of each
factor across product categories. Unlike previous studies where
[30] constructed an obsolescence index (OI) based on product
performance data and [31] used expert assessments and system
architecture models for the obsolescence criticality index, this
research aligns with Industry 4.0 by leveraging real-time UGC
data to develop time-series-based product obsolescence indexes
[32]. Enabled by Industry 4.0 digital platforms, this approach en-
hances customer participation and enables continuous tracking
of product obsolescence factors, offering a dynamic, UGC-based
alternative to static methods like interviews or surveys. By
integrating the relative importance of each factor, determined
through the Freq-AHP, with their severity impacts on consumers,
assessed using the robustly optimized bidirectional encoder rep-
resentations from transformers approach (RoBERTa) model, this
approach offers a comprehensive and time-sensitive analysis.
This enables product designers to identify critical factors, prior-
itize improvements, and adapt strategies proactively, advantages
that traditional methods lack due to their limited scope and
temporal rigidity [33], [34], [35].

While this study adopts a management engineering perspec-
tive by engineering the analytical processes underlying man-
agerial decision-making, it remains firmly situated within the
broader engineering management discipline. As emphasized
by Elia et al. [36], management engineering operates as an

integrative stream within engineering management, uniting tech-
nical, analytical, and managerial knowledge to address complex
socio-technical challenges. Accordingly, this research con-
tributes to engineering management theory and practice by
introducing a data-driven framework that enables engineering
managers to monitor and manage product obsolescence in dy-
namic technological environments.

From a theoretical perspective, this study extends the body
of knowledge in technology and innovation management and
engineering systems management, two established domains
within engineering management. It reconceptualizes product
obsolescence not merely as a technical endpoint but as a dy-
namic managerial process influenced by the interaction be-
tween technological evolution, user adaptation, and ecosystem
interdependencies. By integrating UGC analytics with product
lifecycle modeling, the study advances a socio-technical under-
standing of obsolescence that complements traditional models
grounded in performance degradation or expert assessment. This
reconceptualization expands engineering management theory
by emphasizing the role of real-time consumer feedback in
technology lifecycle analysis and by demonstrating how ana-
lytical tools such as LLMs, multicriteria decision frameworks,
and sentiment analysis, can augment managerial cognition and
foresight in engineering contexts. In doing so, the study aligns
with the ongoing evolution of engineering management toward
data-intensive, evidence-based approaches for decision support
in complex systems.

From a practical perspective, the proposed framework con-
tributes to project and operations management, technology strat-
egy, and sustainability management, core areas of engineering
management practice. It provides engineering managers with
a robust, scalable mechanism for identifying, quantifying, and
tracking obsolescence factors using user-generated data streams.
The framework supports real-time managerial interventions in
design prioritization, technology lifecycle extension, and sus-
tainability planning. It equips managers to make informed de-
cisions regarding software support, hardware upgrades, and in-
teroperability improvements, thereby enhancing organizational
agility and reducing E-waste. Moreover, by operationalizing
consumer insights into quantitative indicators, the framework
strengthens feedback loops between user experience and engi-
neering design, fostering more resilient and adaptive product
development processes consistent with Industry 4.0 principles.
Ultimately, the study supports more sustainable engineering
practices by promoting longer product lifespans, reducing un-
necessary resource use, and enhancing consumer trust [3], key
concerns in the management of product obsolescence in the
digital era. The remainder of this article is structured as follows:
Section II reviews the relevant literature. Section III outlines
the methodology. Section IV presents the results. Section V
discusses the findings. Section VI provides a summary of the
study’s conclusions.

II. LITERATURE REVIEW

A. Obsolescence

Obsolescence has been defined from multiple perspectives in
the literature. The IEC 62402:2019 defines obsolescence as the
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transition of a product from being available to unavailable by
the original equipment manufacturer according to its original
specification. A product is considered obsolete when it is no
longer produced with the components specified in its original
design [37]. The AFNOR NF X60-012: 2006 standard defines
“obsolete” as a product that is no longer used or outdated,
without implying it is necessarily unavailable [38]. Finally,
some scholars emphasize user perception, defining obsolescence
as the loss of usability or desirability due to design choices,
technological progress, or changing societal norms, even when
the product remains functional [2], [3]. While the first two
definitions are valuable, they do not fully capture user-driven
premature discontinuation, central to this study. Therefore, the
latter is adopted, user-centered definition and operationalize
obsolescence as occurring when a consumer stops using or
discards a product before its expected end of life, driven by
perceived loss of usability or desirability.

Obsolescence devalues products both materially and com-
municatively and can be triggered by the introduction of more
energy-efficient alternatives [17], [39]. Understanding obsoles-
cence helps extend product usage, reduce waste, and promote
durable products and circular business models [2]. Alzaydi
[3] states that longer lasting products can lower environmental
impact by up to 50%, while durability fosters consumer trust and
loyalty. A deep understanding of obsolescence enables designers
to forecast longevity, assess environmental and socio-economic
impacts, and develop sustainable, innovative products [3], [6],
[40]. Therefore, promoting design longevity, modularity, and
sustainable consumption patterns is essential for managing and
mitigating obsolescence [41].

B. Obsolescence of EEE Products

Prior research on product obsolescence has predominantly
focused on non-IoT EEE products across several contexts. In
household appliances such as washing machines, TVs, and
kitchen devices, studies including [42], [19], [20], and [25] have
consistently identified factors like functional decline, defects,
high energy consumption, changing consumer needs, and the
appeal of newer models as key drivers of obsolescence. Smart-
phones, due to their rapid turnover and significant contribution
to E-waste, have also received extensive attention. Research
by the authors [18], [26], [43], [44], and [45] highlight factors
such as rapid technological innovation, marketing-induced psy-
chological obsolescence, high repair costs, design limitations
like nonremovable batteries, and social pressures that encourage
premature replacement. In addition, obsolescence in aerospace,
aviation, and military sectors primarily stems from software-
related issues, particularly involving commercial-off-the-shelf
components. Key studies [27], [46], [48], [49], [50], [51], [52],
[53], [54] have identified discontinued vendor support, evolving
operational requirements, rising sustainment costs, hardware
unavailability, and the loss of specialized expertise as major con-
tributors. The details of the reviewed studies and their identified
factors are detailed in Table I to highlight existing research trends
and contextual differences.

The literature on EEE product obsolescence has extensively
examined various categories and specialized sectors. However,

research on the obsolescence of consumer IoT devices re-
mains limited, despite their growing prevalence in daily life
[47]. Furthermore, previous studies have primarily relied on
traditional data collection methods, overlooking the potential
of online consumer reviews as a valuable source of insight.
Thus, this study aims to address the following questions: 1)
How can obsolescence factors affecting consumer IoT devices
be identified and quantified through UGC analysis? And 2)
Are consumer IoT devices rendered obsolete solely due to
physical failures, or do broader system-level attributes play a
critical role in driving obsolescence? These system-level at-
tributes include adaptability, interoperability, and digital re-
silience [48], [49], [50]. Specifically, adaptability refers to a
device’s ability to adjust its structure, behavior, or operations
in response to evolving technological conditions or user re-
quirements [49], [50]; interoperability denotes the capacity of
devices and platforms to communicate, exchange data, and
function cohesively within a connected ecosystem [48]; and
digital resilience reflects the ability of devices, users, and sup-
porting systems to maintain reliable performance and recover
from disruptions [49], [50]. These functional and ecosystem-
related drivers are largely neglected in prior studies, which
focus primarily on hardware failures, highlighting the need for
a structured approach to capture the complex determinants of
IoT device obsolescence. Prior studies have largely neglected
these functional and ecosystem-related drivers, focusing instead
on physical or technical failures in the EEE products listed
in Table I. This gap underscores the need for a structured
framework to capture the complex drivers of IoT device ob-
solescence. By framing obsolescence in terms of both func-
tional and ecosystem-related factors and systematically lever-
aging insights from online consumer experiences, this study ad-
vances the engineering management literature in two interrelated
ways. First, it extends the domain of technology and lifecycle
management by proposing a systematic, data-driven method
to identify and quantify obsolescence drivers that influence
product replacement cycles, resource allocation, and long-term
platform sustainability. This contribution enhances managerial
understanding of technology lifecycle dynamics and supports
evidence-based decision-making in engineering contexts. Sec-
ond, it contributes to design and innovation management by
revealing how consumer-perceived ecosystem dependencies,
interoperability issues, and functional limitations shape product
longevity and user retention. These insights enable the devel-
opment of more resilient, user-centered, and sustainable design
strategies that align with engineering management objectives of
innovation performance, technology integration, and lifecycle
optimization.

C. Large Language Models

Conventional natural language processing (NLP) models
remain relevant in certain contexts but require manual feature
engineering and struggle with complex linguistic patterns
compared to deep learning-based LLMs [58]. These models
rely on rule-based systems and statistical techniques for text
correction and analysis [59], [60], using linguistic knowledge
and heuristic rules such as regular expressions [61]. While
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TABLE I
LITERATURE ON FACTORS CONTRIBUTING TO NON-IOT EEE DEVICE OBSOLESCENCE

rule-based models effectively handle domain-specific tasks like
event detection and named entity recognition, they are limited
by a fixed knowledge base [62]. Statistical methods, including
term frequency-inverse document frequency and vector space
models, play a crucial role in document retrieval and search
engine indexing [63]. However, LLMs are advanced AI systems
designed for high-level language interpretation with human-like
fluency [64]. Models such as BERT [65] and RoBERTa [66]
are effective for topic modeling and classification but require
careful hyperparameter tuning, have context limitations, and
demand human effort for interpretation [67]. Advancements
in pretrained LLMs and prompt engineering have improved
large-scale text analysis [68], [69]. For example, ChatGPT, a
pretrained LLM with billions of parameters, has been trained
on diverse internet text and literature [70]. Such pretrained
LLMs exhibit emergent capabilities in machine translation, text
summarization, NLP, ideological scaling, and text annotation
[71], [72], [73], [74]. While these models are designed for
general applications, they outperform traditional computational
methods in detecting irony, sarcasm, and nuanced subjective
interpretations [75].

D. Multicriteria Decision-Making

Multicriteria decision-making (MCDM) emerged in the
1970s, with over 70 techniques developed, each with dis-
tinct models, assumptions, and methods [76]. Selecting an
appropriate method is essential for accurate assessment. Com-
monly used techniques for determining criterion weights and
ranking alternatives include analytic network process (ANP),
višekriterijumsko kompromisno rangiranje (VIKOR), technique
for order of preference by similarity to ideal solution (TOPSIS),
and AHP. ANP evaluates interactions and interdependencies
among factors without requiring a hierarchical structure [77].
TOPSIS ranks alternatives by selecting the option closest to the
ideal solution and farthest from the negative ideal [78]. VIKOR
is designed for discrete decision problems involving conflicting
and noncommensurable criteria [79]. This study employs AHP,
introduced by Saaty [80], due to its ability to handle both weight-
ing and ranking simultaneously, a feature less common in other
MCDM methods [81]. AHP is straightforward to apply, involves
a simple calculation process, and uses a hierarchical structure
to systematically evaluate all criteria and present alternatives
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Fig. 1. Data processing framework for calculation of product obsolescence factors.

transparently. It also structures decision problems hierarchically
to align with research goals [82], integrates decision-maker
input, incorporates a consistency ratio for reliable weighting, and
converts subjective judgments into objective numerical values
for comparison [83], [84].

III. METHODOLOGY

To assess the suitability of pretrained LLMs in identifying
factors influencing consumer IoT device obsolescence, online
obsolescence-related reviews are analyzed. Reviews were
selected based on two criteria: 1) The review must explicitly
indicate that the product has been removed from use by the
consumer or disposed of; and 2) the review should convey a
definitive intention of discontinuing use or replacing the product
with an alternative.

These criteria ensure the study focuses on reviews that provide
explicit reasons for product obsolescence. After identifying and
labeling these reviews using a pretrained LLM, UGC time-
series-based product obsolescence indexes were developed to
measure and track the impact of each factor, integrating their
relative significance as determined by Freq-AHP with their
severity influence on consumers, analyzed through RoBERTa,
as illustrated in Fig. 1.

A. Data Preparation

To evaluate the effectiveness of pretrained LLMs in identify-
ing factors contributing to the obsolescence of consumer IoT de-
vices, 47 695 online reviews were collected from Amazon.com
and BestBuy.com. The dataset includes reviews of 93 individual
products, 20 distinct product types, and 9 different product cate-
gories, as detailed in Appendix 1 (see Supplementary Material).
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Traditional text mining approaches for text analysis involves to-
kenization, stopword removal, stemming or lemmatization, and
part-of-speech tagging modification [85]. However, pretrained
LLMs streamline this process, reducing the need for manual
preprocessing [86].

B. Model Determination

Three pretrained LLMs—ChatGPT-4o, Llama 3, and Claude-
3 Opus—were evaluated for their effectiveness in extracting
factors contributing to the obsolescence of consumer IoT de-
vices. ChatGPT-4o was selected for its adaptability and ability
to be finetuned (i.e., further trained on domain-specific data
to improve task performance) for NLP tasks, which enhances
performance across various domains [87]. To compare results
and explore alternatives, Llama 3 by Meta was included, rec-
ognized for its advanced reasoning capabilities and strong per-
formance in complex linguistic and cultural tasks [88], [89]. In
addition, Anthropic’s Claude-3 Opus was selected as another
competitor, with its different series offering varying levels of
speed and quality [90]. In this study, the temperature was set
to 0.2 to ensure more focused and deterministic outputs, as
higher values, such as 0.8, increase diversity and unpredictability
[75].

C. Prompt Engineering

A prompt is a textual instruction that enhances a GPT model’s
functionality [91], but crafting effective prompts requires cre-
ativity, intuition, and iterative refinement [92]. Poorly designed
prompts can lead to vague, inaccurate, or contextually inap-
propriate responses [93]. To address this, the goal, prompt,
evaluation, and iteration framework [94] is applied, consisting
of four steps: defining a goal, designing the prompt, evaluating
the response, and iterating. Two prompts are used in this study:
the first instructs the model to classify reviews as relevant or
irrelevant to product obsolescence, ensuring that only meaning-
ful online reviews are analyzed. The second prompt directs the
model to extract product obsolescence factors from the relevant
reviews, providing insights into why products have been con-
sidered obsolete based on consumer feedback. Further details of
these prompts are provided in Appendix 2 (see Supplementary
Material).

D. Evaluation

To ensure the reliability of pretrained LLM-generated outputs,
rigorous evaluation routines are implemented before interpreta-
tion and comparison [75]. First, a randomly selected subsample
was assessed by three independent researchers based on pre-
defined criteria described in the methodology section. Online
reviews were included only if they clearly explained reasons for
product obsolescence. Only reviews with consensus among the
reviewers were retained [58], leading to a final sample of 1000
reviews used to assess pretrained LLMs reliability in identifying
obsolescence-related reviews. Then, Krippendorff’s alpha [95]
and Cohen’s Kappa index metric [96] were used to assess the
alignment between model results and validation data. These

metrics quantify agreement while adjusting for chance, with
scores ranging from 0 to 1, where higher values indicate stronger
consensus. The model with the highest agreement score was then
selected to extract product obsolescence factors.

E. Prioritizing Product Obsolescence Factors for Design
Improvement

1). Obsolescence Index (OI): OI is a quantitative measure
that captures the impact of factors contributing to product
obsolescence within each product category in this study. It
helps prioritize critical factors driving product obsolescence,
enabling targeted improvements to enhance product longevity.
The calculation of the OI follows a three-step approach, de-
signed to be adaptable to different analytical purposes. In the
first approach, OI is introduced as a time-dependent function,
OI(jct), to monitor the impact of product obsolescence factors
over a specified period within different product categories. The
calculation of OI(jct) involves two steps: 1) determining the
relative importance of each product obsolescence factor using
Freq-AHP, which assigns weights based on factor frequency
within each product category over a specific period of time,
and 2) quantifying the expected severity impact of each product
obsolescence factor using RoBERTa to analyze sentiment inten-
sity in online consumer reviews. Since dissatisfaction can drive
obsolescence even when a product remains functional [97], [98],
it serves as a critical component of the analysis. The severity of
a product issue is closely linked to the intensity of negative emo-
tions, as more severe problems elicit stronger negative responses
[99], [100]. By integrating these dimensions, OI(jct) provides a
dynamic, consumer-driven assessment of product obsolescence
factors across different product categories. OI(jct) is defined as
follows:

O I(jct) = wjct ∗ E [g (xjct)] , ∀t, t = 1, 2, . . . , k; ∀c,
c = 1, 2, . . . , n; ∀j, j = 1, 2, . . . ., m. (1)

Here
1) wjct represents the relative importance of an obsolescence

factor within a product category over a defined period.
2) E [g (xjct)] denotes the sum of the expected values of the

emotional impact of an obsolescence factor, reflecting the
severity of consumer dissatisfaction associated with each
factor within a product category over a defined period.

3) j represents an obsolescence factor.
4) c signifies a product category.
5) t indicates a period.
To determine the relative importance of each product obsoles-

cence factor within each product category over a defined period
(wjct), the Freq-AHP is applied. Traditional AHP relies on ex-
pert grading to assign weights, which can introduce subjectivity
due to reliance on expert opinion. To enhance objectivity, this
study employs the Freq-AHP method established by Liang et
al. [101], which replaces expert grading with frequency-based
pairwise comparison matrices, ensuring a more data-driven and
unbiased weighting process. A detailed description of the Freq-
AHP procedure is presented in Appendix 3 (see Supplementary
Material).
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After determining the relative importance of each product
obsolescence factor, the sum of the expected values of their
severity impact within each product category over a defined
period is calculated. This begins with applying RoBERTa to
analyze the sentiment intensity in each online review, assigning
values from –1 (negative) to 1 (positive) [102]. RoBERTa, an
improved adaptation of BERT, is finetuned (i.e., trained on spe-
cific tasks with optimized hyperparameters) to address BERT’s
training complexity and missing hyperparameters [103], [104].
Since the severity level must be represented on a 0 (positive)
to 1 (negative) scale—where 0 indicates the lowest and 1 the
highest intensity—to ensure OI(jct) remains within this ranges,
sentiment intensity results are normalized. This normalization
adjusts sentiment scores from the original –1 to 1 scale to
align with the required format. Thus, g (xjctr) represents the
normalized sentiment intensity of each online review associated
with product obsolescence factor j within product category c over
a defined period t, ensuring consistency in measuring impact. Let
g (xjctr) be

g (xjctr) =

(−xjctr

2
+

1

2

)
, j = 1, 2, . . . , m; t

= 1, 2, . . . , k; c = 1, 2, . . . , n; r = 1, 2, . . . , y (2)

where xjctr denotes the sentiment intensity of a single online
review r (where r = 1, 2, …, y), associated with product
obsolescence factor j within product category c over a defined
period t, as calculated by RoBERTa.

Next, to ensure that the normalized intensity of each online
review r contributes proportionally and fairly to the overall
calculation, the expected value is used. This method effectively
addresses the nonuniform distribution of sentiment data by in-
corporating probability distribution, which accounts for the rela-
tive likelihood of each normalized sentiment intensity g (xjctr).
By weighing frequent values more heavily and minimizing the
influence of anomalies, this approach provides a more accurate
representation of overall behavior. After computing the proba-
bility distribution of g (xjctr), normalization is applied to ensure
that the sum of all probabilities equals 1, which is a fundamental
property of valid probability distributions. Subsequently, the
expected value of g (xjctr) is defined. The equations used to
calculate these steps are comprehensively presented in Appendix
4 (see Supplementary Material). Then to compute the overall
expected value of severity impact of each factor j within product
category c over period t, we sum E [g (xjctr)] as follows:

E [g (xjct)]=

njct∑
r = 1

Pnorm (xjctr)∗ g (xjctr) , ∀t, t = 1, 2,

. . . , k; ∀c, c = 1, 2, . . . , n; ∀j, j = 1, 2, . . . ., m.
(3)

In the second approach, the aggregated product obsolescence
index (AOI(ct)) was computed to quantify overall product obso-
lescence factors impact within a category over time and assess
its trend. This index was derived by summing OI(jct) for each
product category annually, weighted by the proportion of online
obsolescence-related reviews in that year relative to the total

across all years. This normalization accounts for fluctuations
in review volume, ensuring that observed trends reflect actual
shifts in product obsolescence factors impact rather than incon-
sistencies in data availability, providing a more reliable basis for
longitudinal analysis. Let AOI(ct) be

AOI(ct) =

(
NRct∑T

t = 1 NRct

)
∗OI (ct) , ∀t, t

= 1, 2, . . . , k; ∀c, c = 1, 2, . . . , n (4)

where
1) NRct is the number of online obsolescence-related re-

views for product category c in period t;
2)
∑T

t = 1 NRct is the total number of online obsolescence-
related reviews for category c across all time periods;

3) OI(ct) is sum of all OI(jct) within category c in period t:
OI(ct) =

∑m
j = 1 OIjct.

In the final approach, the product obsolescence index change
(OIC(jctI−i)) was introduced to track how the impact of an
obsolescence factor evolves within a category over time. By
calculating OIC(jctI−i), trends in product obsolescence factors
can be observed, indicating whether their influence is increasing
or decreasing. This dynamic analysis provides a deeper under-
standing of temporal shifts in factor impact, allowing for the
identification of critical periods where product improvements
are most needed to mitigate obsolescence risk. So, to ensure
accurate trend analysis, the normalized product obsolescence
index (NOI(jct)) was first calculated for each factor within each
category annually, offering a standardized assessment. Since
OI(jct) reflects the impact of factor j in category c over period t,
direct comparisons across years can be misleading if fluctuations
in factor identification are not considered. Normalization is
essential to prevent misinterpretation, ensuring that observed
changes in OIC(jctI−i) reflects actual shifts in obsolescence
factor impact rather than inconsistencies in factor identification.
Let NOI(jct) be

NOI (jct)=

(
NF(jct)∑T

t = 1 NF(jct)

)
∗OIC(jct), ∀t, t = 1, 2, . . . ,

k; ∀c, c = 1, 2, . . . , n; ∀j, j = 1, 2, . . . ., m (5)

where
1) NF(jct) is the number of product obsolescence factor j

within category c over period t;
2)
∑T

t = 1 NF(jct) is the total number of product obsoles-
cence factor j within category c across all years;

3) OI(jct) is obtained as per (1).
Then, to calculate OIC(jctI−i), it is defined as follows:

OIC(jctI−i) =

NOI(jctI) − NOI(jcti)

tI − ti
, ∀t, t = 1, 2, . . . , k; I > i;

∀c, c = 1, 2, . . . , n; ∀j, j = 1, 2, . . . ., m (6)

where
1) NOI(jctI) is NOI(jct) of factor j within category c at tI;
2) NOI(jcti) is NOI(jct) of factor j within category c at ti;
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TABLE II
COMPARISON OF LLMS IN IDENTIFYING OBSOLESCENCE-RELATED REVIEWS

3) tI − ti is the time interval between the two measurements
of the NOI(jct) while I > i.

After computing the obsolescence indices, small random per-
turbations with assessed variance is introduced to the dataset
to ensure the robustness of our framework. To empirically
determine an evidence-based variance, a sample review is first
selected, and then ChatGPT is used to generate three paraphrased
versions with slightly different wording (Appendix 7, see Sup-
plementary Material). After that, the sentiment intensities of all
reviews (a sample review+ generated reviews) are calculated by
RoBERTa. Using all four sentiment values, the sample variance
is computed as follows:

S2=
1

n− 1

n∑
r = 1

(gxjctr)−g(xjct))
2, n = 4, r = 1, 2, 3, 4

(7)
where

1) r: indexes the original and generated reviews;
2) n: the total number of reviews;
3) g(xjct): is the mean of sentiment intensities of all reviews

1
4

∑4
r = 1 g(xjctr).

The resulting variance ( S2 = X) quantifies the empiri-
cal fluctuation in sentiment intensity caused by paraphrasing.
Using this evidence-based estimate, small random noise with
variance X was subsequently added to all sentiment intensities
in the dataset to simulate model uncertainty and subtle textual
variation. The OI and AOI are then recalculated using these
perturbed sentiment values. Such controlled perturbations are
consistent with prior research showing that transformer-based
sentiment models exhibit only small performance changes (typ-
ically within a few percentage points) under minor textual and
model variations [105], [106], [107], [108]. By propagating these
empirically grounded variations through the full computational
pipeline, it is demonstrated that the derived obsolescence metrics
preserve their trend, providing an evidence-based robustness
validation of the proposed framework.

IV. RESULT

A. Extraction of Online Obsolescence-Related Reviews and
Associated Factors to Obsolescence

To determine the most accurate LLM before applying prompt
1 to the full dataset of 47 695 reviews, a randomly selected sub-
sample of 1000 reviews was independently evaluated by three
researchers based on predefined criteria. After labeling, prompt
1 was tested on this subsample to assess each LLM’s ability
to identify obsolescence-related reviews. As shown in Table II,

TABLE III
KEY OBSOLESCENCE FACTORS COMMON TO ALL PRODUCT CATEGORIES

ChatGPT-4o outperformed Claude-3 Opus and Llama 3. Con-
sequently, ChatGPT-4o was used to process the entire dataset,
identifying 4771 obsolescence-related reviews. Prompt 2 was
then applied to these reviews to analyze and assign labels to the
specific factors leading consumers to discontinue product use.

ChatGPT-4o assigned multiple labels to the reviews, which
were later grouped into 19 broader categories by researchers,
as outlined in Appendix 5 (see Supplementary Material). Key
obsolescence factors common to all product categories are mal-
function, durability, design flaws, connectivity issue, incompat-
ibility, inaccuracy, latency issue, controllability issue, and poor
user interface, as shown in Table III.

However, ten factors: working costs, privacy, security, battery
drain, subscription-based access, advertising-based interruption,
audio quality degradation, image quality degradation, update-
ability issue, and storage limitation—contribute to obsolescence
in specific product categories rather than all, as shown in
Table IV.

B. Factors Influencing Obsolescence of Consumer IoT Devices

The Freq-AHP method, as detailed in equations A3.1 to
A3.10, was employed to assign weights to product obsolescence
factors across all product categories and time periods. The CI
was 0, and the CR was below 0.1, ensuring a reliable and
consistent weighting process. Following this, the dissatisfaction
levels associated with each obsolescence factor were computed
using (3). With both the weight and dissatisfaction level of
each factor established, OI(jct) was then calculated using (1)
to quantify the impact of each obsolescence factor within its
respective category over a defined period, as illustrated in Fig. 2.
To further analyze obsolescence factor trends, (5) was applied to
compute NOI(jct), enabling an assessment of factor variations
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TABLE IV
FACTORS INFLUENCING OBSOLESCENCE IN SOME PRODUCT CATEGORIES

across product categories over time. Appendix 6 (see Supple-
mentary Material) highlights shift in obsolescence factors that
exhibited notable changes. In addition, obsolescence factors
with the most substantial OIC(jctI−i) values were identified,
providing insights into how their influence evolved over time.
The discussions and insights presented in the following sections
align with Fig. 2 and Appendix 6, offering a comprehensive
visual representation of both static and dynamic trends in ob-
solescence factors across different product categories. In ad-
dition, the stability of the derived obsolescence metrics was
assessed by introducing small random noise with a variance
of 8 × 10−6, calculated using (7), to all sentiment intensities.

The indices OI and AOI were then recalculated with these
perturbed values. The comparison between the original AOI
and the AOI computed with noise, provided in Appendix 8
(see Supplementary Material), shows minimal deviations, con-
firming that the framework’s outputs are robust under minor
perturbations.

Malfunction is a key driver of product replacement [18],
as it diminishes consumer satisfaction and fosters the desire
to replace products [109]. Its prevalence has increased across
most categories, with notable positive OIC(jctI−i) values for
smart climate control (0.02 from 2019 to 2024) and smart
entertainment systems (0.03 from 2022 to 2024), indicating a
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Fig. 2. Annual OI(jct) across IoT product categories.
Note: The acronyms referenced in Fig. 2 are clarified as follows: F1: Malfunction, F2: Durability, F3:Design flaws, F4: Connectivity issue, F5: Incompatibility,
F6: Inaccuracy, F7: Latency issue, F8: Controllability issue, F9: Poor user interface, F10: Working costs, F11: Privacy, F12: Security, F13: Battery drain,
F14: Subscription-based access, F15: Advertising-based interruption, F16: Audio quality degradation, F17: Image quality degradation, F18: Updateability issue,
F19: Storage limitation.

rising impact in these categories. In 2024, malfunction recorded
the highest OI(jct) across six product categories, as shown in
Fig. 2, establishing it as the most significant obsolescence factor.

It affects both software and hardware, with software-related
issues, such as technical errors, unexpected behavior, and ran-
dom resets, and hardware problems, including examples like
excessive noise and water leakage, as outlined in Table V.
Connectivity issues has had a moderate impact across most
product categories but has been particularly significant in smart
lighting and smart security systems, especially after 2021. This
trend aligns with findings by Parise et al. [110], and Touqeer et

al. [111], who highlight growing challenge of maintaining stable
connectivity as more devices integrate into these networks.
Smart security systems have experienced the most significant
increase in OIC(jctI−i) (0.002 from 2017 to 2024), while in
smart climate control, it has fluctuated but has shown a declining
impact since 2023. Key causes of connectivity issues include
Wi-Fi or Bluetooth disruptions, signaling and bandwidth con-
straints, presence detection failures, and inference, all of which
significantly impair device functionality [112], [113].

Inaccuracy became a notable concern for smart blinds in
2024 and remained a persistent issue in smart climate control,
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TABLE V
EXAMPLES OF CUSTOMER REVIEW COMMENTS

despite claims of high accuracy in this category [114], [115].
It significantly impacted obsolescence in smart health devices
across most periods, particularly for example, in smartwatches,
where systematic bias affects the measurement of moderate
to vigorous physical activity [116], with an increasing trend.
In smart speaker and display, inaccuracy has been a critical
factor of obsolescence, primarily due to speech recognition
errors [117], resulting in consistently high OI(jct) levels, a
trend that has been increasing since 2022. In contrast, while
inaccuracy has had a substantial OI(jct) in smart thermostat
over multiple periods, it has declined since 2021, likely due
to advancements in occupancy detection technology [118]. A
similar decline has been observed in smart security systems
since 2020, attributed to the integration of advanced tech-
nologies [119]. Collectively, these trends highlight the role of

technological advancements in mitigating inaccuracy-related
obsolescence across diverse product categories. Moreover, in-
compatibility is a factor contributing to obsolescence, with mod-
erate effects on some smart categories and substantial impacts
on others, particularly in earlier years. While its influence has
declined in some categories due to initiatives like the Matter stan-
dard and emerging framework such as Lumos, which promote
interoperability [120], [121], it has increased in others, likely
due to the absence or slower adoption of such advancements.
This trend highlights the ongoing fragmentation of the smart
home market, where full interoperability remains unachieved.
The persistent challenges associated with incompatibility em-
phasize the need for comprehensive solutions capable of seam-
lessly integrating diverse devices across different ecosystems
[120].
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Controllability refers to the ability to remotely and auto-
matically manage devices while allowing users to customize
functions to their preferences [122], [123], as shown in Table V.
While it had a low impact on some product categories, it has
had a moderate effect on smart lighting and smart security
systems in previous years. However, this impact has recently
declined due to advancements such as naming mechanisms that
enable control of multiple appliances with a single command
[122], [124]. In addition, improvements in balancing automation
with meaningful user interaction and increasing user agency
have contributed to this decline [123], [125]. Conversely, it has
increased in smart thermostats after 2021, an example illustrated
in Table V. This rise is attributed to design limitations, including
reliance on single-point temperature readings, standard comfort
models, and inaccurate user mental models [126], [127]. These
constraints often lead users to override automated settings to
achieve thermal comfort and precise control, underscoring the
need for more adaptive, user-centric systems [126], [127], [128].
Another important factor to consider is durability, defined as
a product’s ability to maintain functionality and performance
over its expected lifespan [129]. While its impact remained
low in four product categories and moderate in smart climate
control, smart health device and smart lighting throughout each
period, the importance of designing longer-lasting products to
meet consumer expectations has gained increasing attention [3].
Short-lived products harm brand reputation and deter future
purchases, as reflected in Table V. In smart security systems
category, durability emerged as an obsolescence factor in 2021
and continued to increase through 2024. This trend is attributed
to environmental factors and inconsistent power supply, high-
lighting the need for more robust designs and regular system
updates to enhance longevity [130], [131].

Poor user interface, though having a low impact on eight
product categories, emerged as an obsolescence factor, with
the highest OI(jct) recorded in 2021 for smart entertainment
systems. However, after 2021, its impact declined, largely due
to efforts aimed at simplifying complex features, operating
systems, and brand-specific interfaces, which previously led to
cognitive overload and navigation difficulties [132], [133]. To
address these challenges, solutions such as user surveys, intuitive
interfaces, personalized experiences, and context-aware applica-
tions should be implemented [133], [134] to enhance usability
and mitigate interface-related obsolescence in consumer IoT
devices. Design flaws, encompassing aesthetics [135], [136],
ergonomics [137], [138], shape and color [139], and material
[140], [141] contribute to obsolescence. While aesthetics and
ergonomics are widely recognized as critical factors [6], this
study emphasizes material-related issues as equally significant.
For example, one consumer review explained: “…the noxious
plastic smell emanating from the unit was making me sick.”
Design flaws have had a low impact across most product cat-
egories, except for smart climate control and smart kitchen
appliances, where OI(jct) was notably higher. These two cate-
gories also experienced the most significant increase in NOI(jct),
highlighting the growing influence of design-related issues in
their obsolescence. Turning to another technical factor, latency,

defined as the time taken for data transmission [142], contributes
to product obsolescence by affecting user satisfaction. Differ-
ent applications have varying latency tolerance: remote control
systems require millisecond-level responses, while environmen-
tal control systems can accommodate delays of a few seconds.
Soft real-time systems, such as light controls, tolerate minor
delays, but response times exceeding 250 ms degrade quality
[143]. Latency had a minimal impact on half of the product
categories and disappeared in some after 2023. However, it
fluctuated in smart lighting, smart speaker and display, and
smart security systems, while its effect increased in smart en-
tertainment system. These variations emphasize the need for
application-specific latency optimizations to maintain perfor-
mance and enhance user satisfaction across different product
categories.

Unlike the previously discussed factors that affect all prod-
uct categories, some factors are specific to certain categories,
highlighting their unique contribution to obsolescence within
those categories, as shown in Table IV. Although these factors
have a minimal impact, as indicated by the low OI(jct) in Fig. 2,
addressing them could significantly enhance product longevity.
The explanations of these category-specific factors are as
follows:

Working costs incurred throughout a product’s lifecycle, in-
cluding installation, operation, maintenance, revitalization, and
disposal, influence consumer decisions [144]. This study con-
firms that high operation and maintenance costs can lead to prod-
uct obsolescence, aligning with [6], who identified these costs
as contributors to obsolescence. A customer review illustrates
this concern: “ ….The filters are $99 a pop which is TOO much
to replace more than twice a year. I clean the pre filter every
couple weeks and my house is not overly dusty and definitely
not dirty. Very disappointed in the expensive filter life which is
less than half of what was advertised. Will be buying something
else.” While working costs emerged as an obsolescence factor
in the smart entertainment system category in 2024, its impact
declined in other associated product categories but increased in
smart security systems. Privacy and security are additional fac-
tors contributing to obsolescence. Although their overall impact
on associated product categories is low, they can significantly
influence consumer trust, affect brand reputation, and lead to
product replacement decisions [145]. Privacy concerns peaked
in smart health devices in 2018, while security reached its highest
OI(jct) in smart security systems the same year. However, both
factors showed a steady decline from 2022 to 2024, as shown
in Appendix 6. Consumer reviews illustrate these concerns: Pri-
vacy: “…CANNOT install this app unless you buy more products
from them and agree to them using your data for marketing. You
have to give them ALL YOUR PERSONAL DATA. NO WAY none
of their business.”; Security: “…My camera that was hacked
was a newer model, not the one they named in the breach."
Battery drain in IoT devices is mainly due to wireless commu-
nication, sleep mode duration, high power consumption during
active states, and controller I/O pin leakage [146]. In addition to
previous studies have identified battery drain as an obsolescence
factor in smartphones [26], [44], this study confirms its impact
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on consumer IoT devices as well. Battery drain exhibited high
OI(jct) during certain periods in smart blinds, smart health device
and smart security systems. Although it followed a fluctuat-
ing trend in smart blinds, its NOI(jct) declined compared to
its initial year in both categories. Similarly, in smart security
systems, battery drain experienced a significant decrease after
2022, with a negative OIC(jctI−i) of –0.001, indicating a reduced
influence on obsolescence over time. In contrast, its NOI(jct)
in smart health devices increased substantially, as shown in
Appendix 6.

Audio and image quality degradation contribute to functional
obsolescence by diminishing user experience over time, ulti-
mately driving product obsolescence [3]. Image quality degrada-
tion recorded the highest OI(jct) in smart security systems, while
audio quality degradation peaked in smart speaker and display.
Both factors exhibited fluctuations over time, reflecting their
varying impact on product obsolescence. The expansion of the
subscription business model now extends to durable goods [147].
While its impact remained low across most product categories,
smart security systems experienced a notable OI(jct) over the
years, with a positive OIC(jctI−i) (0.0006) from 2019 to 2024.
In this category, subscription models typically require users
to pay recurring fees for cloud storage, software updates, or
continuous monitoring services [148]. Although subscription
models enhance customer retention by fostering long-term rela-
tionships through customization and continuous improvements
[148], this study highlights their potential drawbacks. Manda-
tory subscriptions can negatively affect consumers, leading some
to discontinue product use. A consumer review illustrates this
issue: “…I failed to notice that after a three month trial period,
you can ONLY store videos on the cloud with a subscription.”
Advertising-based interruption is another factor affecting prod-
uct obsolescence. Surveys indicate that nearly half of U.S.
consumers find advertising overly intrusive, and 84% globally
consider digital ads too frequent [149]. While its overall impact
across product categories remained low, it was notable in certain
years for the two categories. In smart entertainment systems, the
influence of advertising-based interruption declined from 2021
to 2024. However, as highlighted by [150], the increasing use
of advertisements in smart speaker led to a rising trend in this
category until 2024.

Smart home IoT devices often rely on proprietary software,
making updates difficult and leaving many devices with out-
dated and vulnerable components. Delays in vendor updates,
the absence of silent update mechanisms, and user reluctance
to install updates further exacerbate these issues [151]. The
updateability issue has emerged in recent years across three
product categories but has been a persistent challenge in smart
lighting. It should be recognized as a growing concern in these
categories and urgently addressed in smart lighting to mitigate
its impact. The inability to update can result in financial loss,
reputational damage, and a degraded user experience, as devices
may lack new features, essential bug fixes, and compatibility
with updated systems [151], [152]. Finally, storage limitations
that was previously identified as a driver of obsolescence in mo-
bile devices [153], can also impact obsolescence of smart enter-
tainment systems, underscoring its broader impact on consumer
technology.

V. DISCUSSION

A. Using Pretrained LLMs for Identifying Product
Obsolescence Factors

Pretrained LLMs, such as ChatGPT-4o, provide an efficient
tool to extract obsolescence-related factors from large volumes
of consumer feedback. By categorizing reviews and identifying
multiple obsolescence drivers, the LLMs enable the creation
of structured datasets that capture both general and category-
specific contributors to obsolescence. Beyond merely detecting
explicit mentions of hardware failures, LLMs demonstrate the
capability to infer latent drivers related to system functionality
and user experience from nuanced consumer narratives. This
allows the extraction of insights about devices’ ability to adjust
to technological advancements, maintain interoperability with
connected devices, and ensure consistent functionality over time,
offering a deeper and more holistic understanding of the factors
influencing premature replacement. By leveraging these capabil-
ities, LLMs provide a bridge between observable product issues
and broader ecosystem and experiential considerations, allowing
researchers and practitioners to identify obsolescence drivers.
Consequently, this approach supports a richer, user-centered
perspective on consumer IoT device longevity, highlighting the
multidimensional nature of obsolescence in modern technolog-
ical environments.

B. Leveraging User-Generated Content for Product
Obsolescence Analysis

UGC provides a rich, real-time perspective on how consumers
experience product lifespan, functionality, and interaction with
IoT devices. Beyond capturing explicit references to hardware
failures, UGC reflects obsolescence drivers emerging from
broader system-level attributes, including a device’s capacity
to evolve with technological changes, maintain interoperability
across platforms, and sustain reliable performance under vary-
ing conditions. Analysis of these consumer narratives reveals
that product replacement decisions are increasingly shaped by
operational, and experiential factors, rather than solely by phys-
ical durability or technical faults. By tracking these patterns
over time, manufacturers and designers can anticipate emerg-
ing consumer expectations, assess real-world performance, and
prioritize improvements that enhance long-term usability and
satisfaction. In this way, UGC analysis not only provides a
practical source of information for monitoring product obsoles-
cence but also confirms the theoretical proposition that consumer
IoT device longevity depends on both hardware integrity and
system-level functional capabilities, thereby supporting more
resilient, user-centered design and informing proactive lifecycle
management strategies.

C. Factors and Theoretical Perspectives Shaping
Obsolescence in Consumer IoT Devices

As illustrated in Fig. 3, the study reveals that AOI(ct), cal-
culated using (4), has exhibited an increasing trend across
most smart product categories. The only exception is smart
blinds, where AOI(ct) fluctuates rather than following a clear
upward trend, potentially reflecting differences in product
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Fig. 3. Trend analysis of AOI(ct) across IoT product categories.

Fig. 4. Consumer dissatisfaction trends by product category based on star ratings.

longevity. The rising AOI(ct) in most categories indicates
that product obsolescence-related issues are becoming more
prevalent, which aligns with predictions of increasing E-
waste production. These findings support existing research
emphasizing the rapid annual growth of E-waste, driven by
rising consumer electronics consumption and shorter product
lifecycles [15].

This study has identified a diverse and nuanced set of 19 prod-
uct obsolescence factors spanning multiple consumer IoT device
categories. This breadth of factors highlights a far more intricate
and context-dependent landscape of consumer decision-making
than is typically assumed. While nine product obsolescence

factors emerge consistently across all product categories, others
are distinctly category-specific. This differentiation challenges
the conventional one-size-fits-all approach to product design
and provide actionable insights for product managers aiming to
develop more targeted, category-specific strategies. By address-
ing these design-driven challenges, they can help counteract the
“throwaway culture” and foster a more sustainable, user-centric,
and ethically responsible approach to product development [7],
[154].

Our findings point to a broader structural shift in the nature
of product obsolescence: it is increasingly driven less by phys-
ical wear and failure, and more by complex ecosystem-level
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and socio-technical dynamics. This shift can be understood
through sociotechnical systems theory [155], which emphasizes
that products exist within interconnected systems of technolo-
gies, standards, organizational practices, and user behaviors.
Consistent with this perspective, our observation that indirect
software-induced issues, such as incompatibility, connectivity
problems, and latency, have a more persistent impact than di-
rect technical faults highlights that devices become obsolete
not only due to internal flaws but also because of changes
or fragmentation in the surrounding technical and institutional
context. Even industry-wide efforts like the Matter and Lumos
standards [120], [121], aimed at enhancing interoperability,
have limited impact due to uneven adoption and structural dif-
ferences across competing ecosystems [156]. This theoretical
lens clarifies why technical improvements alone may fail to
significantly extend product life when systemic factors remain
unaddressed.

In addition, platform theory [157] and servitization theory
[158] provide complementary insights. Platform theory em-
phasizes that digital platforms act as intermediaries control-
ling software updates, data flows, and access to core features,
while servitization highlights the transformation of products
into service-oriented offerings to extend value over time. Our
findings indicate that platform governance and service-based
business models increasingly shape obsolescence: consumers
often abandon devices when rising service costs, intrusive
advertising, or feature restrictions degrade user experience, even
if the physical product remains functional. This demonstrates
that obsolescence emerges as an outcome of strategic platform
decisions rather than purely technical decline, showing how
ecosystem design, platform control, and service models interact
to influence product longevity.

Lastly, the persistence of consumer dissatisfaction, even
as absolute product performance improves, is well accounted
for by expectation-disconfirmation theory [159]. To quantify
dissatisfaction, we analyzed mean star ratings for each product
category over time, following established practice [160],
[161]. Each consumer can assign a star rating to indicate their
satisfaction with the product on platforms like Amazon or
BestBuy, where lower ratings reflect higher dissatisfaction.
Fig. 4 shows that, despite technical improvements,
dissatisfaction levels remain high across categories. This
pattern arises because marketing and engineering increasingly
emphasize AI-powered precision and seamless integration,
driving consumer expectations beyond what is realistically
achievable. When actual device performance (e.g., accuracy)
falls short of these heightened expectations, users experience
greater dissatisfaction and may replace products prematurely.

Thus, even with technical gains, dissatisfaction persists be-
cause expectations escalate faster than systemic or technolog-
ical capabilities. By linking these empirical findings to theo-
retical frameworks, this study provides a deeper, conceptually
grounded understanding of why obsolescence in consumer IoT
devices is shifting from being driven primarily by physical
durability toward issues related to system-level attributes such
as adaptability, interoperability, and digital resilience. So, this
underscores the need for design and policy strategies that go be-
yond improving hardware, to also address platform governance,

service models, and the broader sociotechnical environment in
which these devices operate.

VI. CONCLUSION

This study advances the understanding of product obsoles-
cence, especially in consumer IoT devices, a domain that has
been largely overlooked in existing literature. By introducing
a novel framework that integrates online reviews, LLMs, Freq-
AHP, and RoBERTa, the research provides broader perspectives
and deeper insights into obsolescence drivers based on real
public opinion, contrasting traditional methods reliant on limited
consumer insights. The stability of the derived obsolescence
trends is further supported through an evidence-based robustness
check, in which small perturbations were applied to sentiment
intensities and all indices were recalculated, confirming con-
sistent trend patterns across product categories. Building on
this validated foundation, this research introduces OI(jct) and
OIC(jctI−i), innovative metrics that provide a comprehensive
and dynamic framework for understanding and addressing ob-
solescence. OI(jct) captures the intensity of obsolescence factors
over time, offering a snapshot of the current impact, while
the OIC(jctI−i) tracks changes in these factors, enabling the
identification of emerging trends and shifts. Together, these
metrics empower designers and manufacturers to proactively
address critical challenges, prioritize improvements, and extend
product lifespans. By integrating UGC with advanced analyt-
ical tools, this study not only enhances the understanding of
obsolescence but also provides a scalable and consumer-focused
approach to promoting sustainability and innovation in the
IoT ecosystem. Furthermore, By uncovering ecosystem-level
and software-induced drivers of obsolescence, these findings
challenge traditional durability-focused approaches, revealing
that product longevity depends not only on hardware but also
on software updates, interoperability, and user experience. This
insight enables managers to proactively redesign lifecycle strate-
gies, prioritize software support and platform compatibility,
and implement consumer-centered practices that can reduce
premature obsolescence and associated economic and environ-
mental costs. These contributions offer a robust foundation for
future research into other smart device ecosystems and practical
guidance for manufacturers to enhance product design, foster
consumer loyalty, and mitigate environmental and economic
impacts associated with premature obsolescence.

While this study provides valuable insights into consumer
IoT device obsolescence, several limitations should be acknowl-
edged to guide future research. First, the scope is limited to
specific product categories, which may affect the generalizabil-
ity of the findings to other IoT devices or broader technology
ecosystems. Future work could refine the framework using
domain-specific datasets and extend it to a wider range of devices
for broader applicability. Second, the study relies on UGC from
online reviews. Although these reviews offer rich consumer
perspectives, they may not fully capture technical aspects of
obsolescence, industry-level trends, or objective measures, and
they can be biased or unrepresentative. Integrating comple-
mentary data sources, such as technical specifications, industry
reports, or structured surveys, could help mitigate these limita-
tions. Third, this work does not explore the role of customer
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service and warranty policies in shaping product longevity.
Investigating how these factors influence user retention, repair
practices, and satisfaction could provide actionable insights
for manufacturers and policymakers. Fourth, while the obso-
lescence indexes have been rigorously developed and statisti-
cally validated using large-scale UGC, real-world application
in organizational case studies remains a future step to further
demonstrate practical utility. Fifth, while the analysis empha-
sizes consumer dissatisfaction as a signal of obsolescence, it
may overlook objective drivers such as manufacturing defects,
design limitations, or regulatory shifts. Incorporating objective
product data and expert assessments could help develop a more
holistic view. Sixth, users might not be entirely aware of their
reasons for stopping use of a device or may avoid mentioning
issues such as their own competencies in UGC, so UGC may
not capture all causes of obsolescence. Future research could
address this by combining UGC analysis with interviews to
capture unreported factors and better understand the drivers of
obsolescence. Finally, the dataset is sourced from Amazon.com
and BestBuy.com, which may introduce data bias and limit
representativeness of global consumer perspectives. Expanding
the analysis to include other platforms and regions could enhance
the generalizability of findings. By addressing these limitations,
future research can develop a more comprehensive and validated
understanding of IoT device obsolescence, ultimately contribut-
ing to strategies that enhance product lifespans and align with
sustainability objectives.
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[120] S. Gorinsky, R. Gueŕin, and P. Steenkiste, in Proc. 28th IEEE Int. Conf.
Netw. Protocol, 2020, pp. 1–13.

[121] S. Madadi-Barough, P. Ruiz-Blanco, J. Lin, R. Vidal, and C. Gomez,
“Matter: IoT Interoperability for Smart Homes,” IEEE Commun. Mag.,
vol. 63, no. 4, pp. 106–112, Apr. 2025.

[122] H. Yar, A. S. Imran, Z. A. Khan, M. Sajjad, and Z. Kastrati,
“Towards smart home automation using IoT-enabled edge-computing
paradigm,” Sensors, vol. 21, no. 14, Jul. 2021, Art. no. 4932, doi:
10.3390/s21144932.

[123] H. Xu, H. Lee, W. Ling, and Y. Pan, “How to keep balance between
interaction and automation? toward user overall positive experience of
IoT-based smart home design,” Electron. (Switzerland), vol. 13, no. 7,
Apr. 2024, Art. no. 1375, doi: 10.3390/electronics13071375.

[124] X. Wang and X. Qian, “Information-centric IoT based Smart Home
Control and Monitoring System,” IEEE Sens. J., vol. 24, no. 21,
pp. 35722–35729, Nov. 2024, doi: 10.1109/JSEN.2024.3462929.

[125] C. Geeng and F. Roesner, “Who’s in control?: Interactions in multi-user
smart homes,” in Proc. Conf. Hum. Factors Comput. Syst., May 2019,
pp. 1–13, doi: 10.1145/3290605.3300498.

[126] S. Kang et al., “Toward a dynamic comfort model for human-building
interaction in grid-interactive efficient buildings: Supported by field
data,” 2023, arXiv:2303.07206.

[127] O. B. Mulayim, E. Severnini, and M. Bergés, “Unmasking the role of
remote sensors in comfort, energy, and demand response,” Data-Centric
Eng., vol. 5, Nov. 2024, Art. no. e28, doi: 10.1017/dce.2024.25.

[128] M. Kane and K. Sharma, “Data-driven identifica-
tion of occupant thermostat-behavior dynamics,” 2019,
arXiv:1912.06705.

https://dx.doi.org/10.1016/j.aiopen.2023.08.012
https://www.anthropic.com/news/claude-3-family
https://dx.doi.org/10.1145/3560815
arxiv.org/abs/2302.11382
arxiv.org/abs/2302.11382
https://dx.doi.org/10.15446/dyna.v90n230.111700
https://dx.doi.org/10.1016/j.jclepro.2020.120637
https://dx.doi.org/10.1016/j.copsyc.2020.07.014
https://dx.doi.org/10.1002/mar.21778
https://dx.doi.org/10.1108/IJQRM-10-2021-0352
https://dx.doi.org/10.1016/j.asoc.2020.106847
https://dx.doi.org/10.1016/j.iatssr.2021.04.003
arxiv.org/abs/1907.11692
https://github.com/tensorflow/tensor2tensor
https://github.com/tensorflow/tensor2tensor
https://dx.doi.org/10.1007/s10664-024-10468-2
https://dx.doi.org/10.3389/fpsyg.2022.906061
https://dx.doi.org/10.1145/3564281
https://dx.doi.org/10.3390/electronics13245043
https://dx.doi.org/10.1177/0022243719889336
https://dx.doi.org/10.1109/MIAS.2024.3482882
https://dx.doi.org/10.1007/s11227-021-03825-1
https://dx.doi.org/10.3390/s23115183
https://dx.doi.org/10.13140/RG.2.2.21967.09129
https://dx.doi.org/10.62671/jataed.v1i2.22
https://dx.doi.org/10.2196/10972
https://dx.doi.org/10.1145/3494965
https://dx.doi.org/10.1016/j.enbuild.2021.110834
https://www.researchgate.net/publication/384663570
https://www.researchgate.net/publication/384663570
https://dx.doi.org/10.3390/s21144932
https://dx.doi.org/10.3390/electronics13071375
https://dx.doi.org/10.1109/JSEN.2024.3462929
https://dx.doi.org/10.1145/3290605.3300498
https://dx.doi.org/10.1017/dce.2024.25


466 IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT, VOL. 73, 2026

[129] E. Maitre-Ekern and C. Dalhammar, “Regulating planned obsolescence:
A review of legal approaches to increase product durability and repara-
bility in Europe,” Rev. Eur., Comp. Int. Environ. Law, vol. 25, no. 3,
pp. 378–394, Nov. 2016, doi: 10.1111/reel.12182.

[130] B. Yuan, J. Wan, Y. H. Wu, D. Q. Zou, and H. Jin, “On the security of
smart home systems: A survey,” J. Comput. Sci. Technol., vol. 38, no. 2,
pp. 228–247, Apr. 2023, doi: 10.1007/s11390-023-2488-3.

[131] G. Vardakis, G. Hatzivasilis, E. Koutsaki, and N. Papadakis, “Review of
smart-home security using the Internet of Things,” Electronics, vol. 13,
no. 16, 2024, Art. no. 3343, doi: 10.3390/electronics13163343.

[132] I. Alam, S. Khusro, and M. Khan, “Usability barriers in smart TV user
interfaces: A review and recommendations,” in Proc. Int. Conf. Front. Inf.
Technol., Dec. 2019, pp. 334–3344. doi: 10.1109/FIT47737.2019.00069.

[133] R. Faizrakhmanov, A. Platunov, and M. Bahrami, “Smart
home user interface: Development and comparison,” in Proc.
Int. Conf. Ind. Eng., Appl. Manuf., 2023, pp. 531–536, doi:
10.1109/ICIEAM57311.2023.10139022.

[134] K. Srinivasrao, S. R. K. Joga, A. P. Kumar, O. P. Hemanth, K. L. V.
Lavanya, and D. Yaswanth, “User Experience design for IoT-Driven
Smart Home Automation interfaces,” in Proc. 3rd Int. Conf. Artif.
Intell. Internet Things, 2024, vol. 2024, pp. 1–6. doi: 10.1109/AI-
IoT58432.2024.10574764.

[135] M. N. Folkmann, “Evaluating aesthetics in design: A phenomenological
approach,” Des. Issues, vol. 26, no. 1, pp. 40–53, 2010.

[136] A. Zhou, J. Ma, S. Zhang, and J. Ouyang, “Optimal design of product
form for aesthetics and ergonomics,” Comput.-Aided Des. Appl., vol. 20,
no. 1, pp. 1–27, 2023, doi: 10.14733/cadaps.2023.1-27.

[137] S. Safin, P. Pintus, and C. Elsen, “Ergonomics in design and design in
ergonomics: Issues and experience in education,” Work, vol. 66, no. 4,
pp. 917–931, 2020, doi: 10.3233/WOR-203237.

[138] J.-C. Sagot, V. Gouin, and S. Gomes, “Ergonomics in product design:
Safety factor,” 2003. [Online]. Available: www.elsevier.com/locate/ssci

[139] C. Homburg, M. Schwemmle, and C. Kuehnl, “New product design:
Concept, measurement, and consequences,” J. Marketing, vol. 79, no. 3,
pp. 41–56, May 2015, doi: 10.1509/jm.14.0199.

[140] M. F. Ashby and K. Johnson, Materials and Design: The Art and Science
of Material Selection in Product Design. Oxford, U.K.: Butterworth-
Heinemann, 2013.

[141] E. Karana, P. Hekkert, and P. Kandachar, “Material considerations in
product design: A survey on crucial material aspects used by prod-
uct designers,” Mater. Des., vol. 29, no. 6, pp. 1081–1089, 2008, doi:
10.1016/j.matdes.2007.06.002.

[142] M. T. Abu Bakar, “Latency issues in Internet of Things: A review of
literature and solution,” Int. J. Adv. Trends Comput. Sci. Eng., vol. 9,
no. 1–3, pp. 83–91, Jun. 2020, doi: 10.30534/ijatcse/2020/1291.32020.

[143] W. Fariza, W. A. Rahman, A. Hassan, and A. Hashim, “Delay contributing
factors and strategies towards its minimization in IoT,” J. Telecommun.
Electron. Comput. Eng., vol. 8, no. 3, pp. 149–153, 2016.
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