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Abstract

Automated customer service and algorithmic governance are common in digital market-
places, yet trust can erode when logistics, refunds, and escalation fail. Complaint-based
risk and trust narratives in Turkey’s e-commerce marketplaces are analyzed for January
2019–December 2025 using 118,173 de-identified Turkish and English texts from Şikayetvar,
a leading Turkish online consumer-complaint portal, and reviews of official marketplace
apps on Google Play and the Apple App Store. BERTopic is implemented in Python with
multilingual transformer embeddings, UMAP, HDBSCAN, and c-TF-IDF representations.
The selected model identifies 35 micro-topics grouped into five macro-themes: fulfillment
disruptions, remediation frictions, product-integrity risks, escalation failures, and gover-
nance threats. Monthly probability-weighted prevalence is estimated, and marketplace
differences are evaluated with divergence measures, permutation tests, and multinomial
regression controlling for time and language. Changepoint tests indicate a shift toward ful-
fillment grievances in April 2020, rising governance threats from June 2022, and increasing
escalation failures linked to automated support from February 2023. These patterns suggest
that barriers to human escalation convert operational incidents into platform-level trust
judgments, offering monitoring signals for service recovery, marketplace governance, and
AI oversight. By isolating escalation failures as a distinct complaint domain, the study links
service automation to procedural justice mechanisms that translate operational breakdowns
into platform-level trust and risk judgments.

Keywords: e-commerce; consumer complaints; trust; perceived risk; BERTopic; topic
modeling; AI customer service; procedural justice; platform governance; multilingual
text mining

1. Introduction
Digital marketplaces promise convenience, selection, and price transparency. At the

same time, they shift key elements of exchange away from direct interaction between
buyers and sellers and into platform-managed processes. Trust becomes a prerequisite
because consumers must rely on distant sellers, complex logistics networks, and platform
dispute systems. Research on online transactions shows that trust reduces uncertainty
and supports purchase intentions, whereas perceived risk discourages participation [1–3].
These mechanisms remain central in marketplace settings, where consumers evaluate not
only sellers but also the platform that defines the rules and enforces them.

In 2024, Türkiye’s e-commerce volume reached TRY 3.162 trillion (≈USD 90 billion),
a 61.7% year-on-year increase, with 5.91 billion transactions, and e-commerce accounted
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for 6.5% of GDP [4]. Consumer adoption is substantial but still below mature European
markets: 51.7% of internet users in Türkiye reported purchasing goods or services online
in the previous 12 months in 2024 [5], compared with 77% in the EU [6]. Against this
backdrop, this study uses longitudinal complaint texts to map how consumer risk and trust
grievances are framed, how their salience shifts from 2019 to 2025, and how these patterns
differ across major marketplaces.

Consumer complaints provide a direct record of where expectations collapse. A
complaint is rarely only a negative sentiment [7]. It is a narrative that assigns responsibility,
describes harm, and demands a remedy [8]. Service recovery research shows that failures
and recoveries shape loyalty, word of mouth, and relationship quality [9,10]. Complaint
texts often contain richer detail than closed-form survey items because consumers describe
specific breakdowns such as delayed delivery, missing parcels, refund delays, counterfeit
items, and account compromise. Complaint narratives also reveal perceived justice [11].
When consumers view procedures as inconsistent or unresponsive, they infer unfairness
and reduce trust even if outcomes are eventually corrected [12].

The platform economy adds another layer. Marketplaces govern access, visibility, and
remediation through policies and technical systems. Platform research argues that governance
shapes incentives and behavior across buyers, sellers, and intermediaries [13,14]. As market-
places scale, governance becomes more standardized and data-driven. Rule enforcement,
seller vetting, and dispute routing may rely on algorithmic classification and queue man-
agement. This creates a tension: scale encourages automation, while legitimacy depends on
perceived fairness, transparency, and accountability [15,16]. Complaints, therefore, capture
more than operational issues; they also document governance frictions.

Customer service automation intensifies this tension. Firms deploy chatbots, scripted
flows, and self-service portals to reduce response time and cost. Service scholarship treats
AI as a structural shift in service design because machines can perform routine tasks
and mediate interaction quality [17–19]. Automation can improve speed, but it can also
introduce new failure modes. Consumers may get trapped in repetitive scripts, fail to reach
a human agent, or lose confidence that their case is being evaluated. These experiences
align with procedural justice principles, where voice, consistency, and correctability shape
acceptance of decisions [20]. One resulting complaint category is escalation failure. It
reflects a perceived barrier to remedy rather than a slow outcome.

Despite extensive work on trust, risk, and service recovery [21–23], evidence remains
limited on how consumer risk narratives change over time in marketplace environments.
Many studies rely on surveys or experiments that hold context constant and measure
perceptions at a single point in time [24–28]. These designs clarify mechanisms, yet they
are less suited to capturing shifts driven by logistics shocks, policy changes, or service
automation rollouts. Qualitative studies provide depth but often cover narrow time win-
dows or small samples [29]. Longitudinal, high-granularity measurement is needed to
track changes in complaint composition, not only changes in complaint volume [30].

Text-as-data methods enable the study of these dynamics at scale. Large review and
complaint corpora have been used to identify product attributes, diagnose service pain
points, and infer consumer priorities [31,32]. Topic modeling is particularly useful because
it extracts recurring themes from unstructured text without requiring an exhaustive hand-
coded scheme. Classical probabilistic models such as latent Dirichlet allocation are widely
used for discovering themes in large corpora [33]. However, complaint texts are often short,
noisy, and multilingual, which can reduce coherence and interpretability in bag-of-words
approaches. Embedding-based methods address these limitations by clustering dense
semantic representations derived from transformer models [34,35]. BERTopic follows this
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approach by combining transformer embeddings, density-based clustering, and class-based
TF–IDF to improve interpretability and stability in applied text corpora [36].

Building on this line of work, the present study develops and applies a BERTopic
pipeline to map consumer risk and trust complaints in Turkish e-commerce between 2019
and 2025. The corpus comprises de-identified complaint texts drawn from two public
channels: posts published on Şikayetvar [37] and user reviews of official marketplace
mobile applications on Google Play and the Apple App Store. Using this corpus, the
analysis (i) derives an interpretable topic map of complaint content, (ii) estimates topic
prevalence over time and detects turning points, and (iii) tests whether topic-prevalence
profiles differ across marketplaces after accounting for corpus composition.

This study makes three contributions. First, it offers a longitudinal, marketplace-level
measurement of the consumer “complaint agenda” around risk and trust, showing how
the relative prominence of grievance categories changes across time. Second, it extends
platform trust and perceived risk research by identifying escalation failure as a distinct
complaint category that speaks to perceived fairness and trust in marketplace governance,
particularly in service and support pathways. Third, it contributes methodologically by
demonstrating a multilingual, stability-oriented BERTopic workflow for short and noisy
complaint texts, with robustness checks designed for applied settings. The findings also
translate into actionable governance implications for refund service levels, authenticity
controls, and the design of AI-mediated escalation paths. The main objectives of the study,
along with their corresponding research questions, are outlined below.

RQ1: What are the dominant consumer risk and trust complaint topics in e-commerce,
and how robust are these topics across modeling choices and languages (Turkish vs. English)?

RQ2: How do complaint topics evolve, and are there identifiable structural shifts or
turning points in topic prevalence?

RQ3: Do topic-prevalence profiles differ systematically across marketplaces after
accounting for corpus composition (source mix and language share)?

2. Theoretical Background
2.1. Trust, Perceived Risk, and Platform Assurances in E-Commerce Marketplaces

Trust is a prerequisite for exchange in e-commerce marketplaces because buyers pay
and share personal data before product quality, delivery performance, or dispute outcomes
are observable. This exposure is amplified by platform scale, where small frictions can
affect large numbers of transactions [38]. In digital platform research, structural assurance
and provider image or reputation show strong effects on trusting intention, underscoring
the institutional character of trust in platform settings [39]. A common definition frames
trust as a willingness to accept vulnerability based on positive expectations about another
party’s intentions or behavior [40]. In marketplace commerce, the trust target is plural.
Consumers evaluate at least two trustees: the seller who fulfills the order and the platform
that designs and enforces the transaction environment [41–43].

This multi-target structure matters because platforms do more than host listings. They
specify refund and return rules, set evidence requirements, route complaints, and monitor
seller compliance. These institutional features can substitute for direct interpersonal trust
when transactions are uncertain [44,45]. The credibility of platform assurances depends
on whether remedies are delivered predictably and contestably. Policy work on online
dispute resolution emphasizes fairness, transparency, and secure information transfer as
design requirements for digital procedures [46]. As support and enforcement become
more automated, governance quality also depends on whether decision processes remain
explainable and appealable, since opacity can weaken perceived fairness and legitimacy [47].
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Complaint narratives can reveal which trust target is salient because texts often assign
responsibility and describe what remedy pathways were available.

Perceived risk is the conceptual counterpart to trust and refers to subjective expec-
tations of loss and uncertainty around outcomes [48]. Recent reviews continue to treat
risk as multidimensional, covering financial, performance, time, and privacy risks, and
they show that these risks remain central drivers of online purchase decisions [49]. In
marketplace settings, these facets map naturally onto complaint domains. Delivery delays
align with time and performance risk. Refund delay aligns with financial risk. Counterfeit
goods align with performance and authenticity risk, which is closely linked to information
asymmetry [50]. Unauthorized transactions align with financial and privacy risk. Cross-
border contexts can intensify these exposures because fulfillment and remedy processes
are harder to verify [2]. This mapping supports a theory-guided interpretation of topics:
topic prevalence can be read as a changing composition of risk facets and assurance failures
expressed by consumers.

2.2. Service Failure, Recovery, and Procedural Justice in Human and AI-Mediated Support

Complaints rarely describe a single breakdown. They document a sequence: an initial
failure, the platform’s response, and the consumer’s attempt to obtain a remedy. Service
recovery research shows that response quality shapes satisfaction, loyalty, and negative
word of mouth [9,10]. In marketplace settings, recovery also functions as a credibility test of
the platform’s promises, because the platform designs procedures that determine whether
the consumer can reach a fair outcome.

Justice theory explains why similar outcomes can be evaluated very differently. Or-
ganizational justice is often decomposed into distributive, procedural, and interactional
components [20]. In e-commerce, distributive justice is expressed through refunds, replace-
ments, and compensation. Procedural justice is experienced through workflow design:
evidence standards, time limits, return steps, appeal options, and the ability to reopen
or correct a decision. Interactional justice concerns respectful treatment and adequate
explanations, which can be delivered by a human agent or embedded in interfaces and
automated messages. Procedural justice matters strongly for legitimacy judgments, even
when outcomes are imperfect, because it captures voice, neutrality, and correctability [51].

Platform governance intensifies these dynamics. Marketplaces regulate seller behavior
and dispute handling through technical systems that route tickets, rank cases, and enforce
policies at scale [52,53]. Algorithmic governance can create accountability gaps when
decisions are opaque or difficult to contest, which shifts attention from “what happened”
to “how the platform decides” [15,16,54]. In complaint texts, this appears as perceived
arbitrariness, blocked appeals, and “black box” outcomes.

Automation makes procedural fairness more fragile. Chatbots and scripted self-service
can reduce waiting times for routine requests, yet they can also introduce distinct failure
modes: misclassification, loss of context, looping replies, ticket auto-closure, and barriers
to human handoff [29,55]. Recent service research shows that AI-mediated recovery is
evaluated through fairness cues and communication quality, not just speed, and that context
and failure severity condition whether AI responses are accepted [21,24,25,27]. These
mechanisms motivate “AI escalation failure” as a theoretically coherent topic category
rather than a narrow operational issue.

Complaining is also a form of voice and control restoration [56]. The complaint
corpus therefore reflects voiced grievances where a remedy is perceived as possible. Topic
prevalence should be interpreted as the changing composition of expressed justice and
governance frictions, not as a census of all negative experiences.
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3. Methodology
The study analyzes a longitudinal, publicly available corpus of consumer complaint

texts about three major e-commerce marketplaces operating in Turkey. The corpus com-
bines two public channels, posts published on Şikayetvar [37] and user reviews of the
official marketplace mobile applications on Google Play and the Apple App Store, cov-
ering January 2019 to December 2025. Complaints were de-identified prior to analysis,
and results are reported only in aggregate form. For brevity, the three marketplaces are
denoted as Marketplace A, B, and C. All computational analyses were conducted in Python
(version 3.11).

Complaint texts capture how consumers frame failures, assign blame, and define what
counts as unacceptable, offering a direct window into trust, risk, and justice mechanisms.
They also serve as legitimacy tests of platform governance and dispute resolution [51].
Accordingly, recurring complaint narratives can be treated as latent grievance categories
whose prevalence tracks salience and friction points at scale, even if it does not equal
incident rates.

To identify these grievance categories and trace their salience over time and across
marketplaces, BERTopic is used. Complaint corpora are often short and noisy, which
limits the applicability of classical topic models [33]. BERTopic leverages transformer
embeddings to cluster semantically similar complaints despite lexical variation [34,35] and
produces interpretable topics via class-based TF–IDF [36]. Topic quality and interpretability
were evaluated using coherence and diversity diagnostics, stability checks, and structured
human labeling [57,58].

3.1. Data Sources and Sampling Frame

The corpus comprises publicly available consumer complaint texts about three major
e-commerce marketplaces operating in Turkey: Trendyol [59], Hepsiburada [60], and
Amazon (Turkey) [61]. Data were collected from two public channels: (i) posts published
on Şikayetvar and (ii) user reviews of the official marketplace mobile applications on Google
Play [62–64] and the Apple App Store [65–67]. The sampling window spans January 2019
to December 2025. The unit of analysis is the complaint text; each record includes the
text, platform label, timestamp, and a source indicator. Prior to analysis, complaints were
de-identified by removing direct identifiers (e.g., phone numbers, emails, addresses, order
or tracking codes), and results are reported only in aggregate form. For brevity in figures
and tables, Trendyol is denoted as Marketplace A, Hepsiburada as Marketplace B, and
Amazon Turkey as Marketplace C. These labels are used for readability only and do not
indicate anonymization.

Data collection followed a targeted sampling frame. An e-commerce complaint was
defined as a text describing a marketplace transaction or a platform-mediated service
process, including order fulfillment, returns, refunds, customer support, seller conduct,
and account security. During collection, a keyword filter was applied to reduce irrele-
vant content. Keywords covered core failure domains, such as delivery, refund, return,
counterfeit, fraud, support, account, and privacy, in both Turkish and English. Texts were
retained if at least one marketplace brand was referenced or if a marketplace transaction
marker such as “order,” “seller,” “marketplace,” or “shipment” was present. The corpus
was constructed using a targeted keyword frame designed to capture marketplace-related
complaint narratives, followed by manual screening to remove clearly irrelevant, duplicate,
or non-substantive entries. These steps were intended to improve topical relevance rather
than to estimate population incidence.

The raw dataset contained 158,420 texts. After preprocessing, language filtering,
and deduplication, the final analytical corpus comprised 118,173 texts. Only Turkish and

https://doi.org/10.3390/jtaer21040116

https://doi.org/10.3390/jtaer21040116


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 116 6 of 28

English texts were retained (Turkish: 71%, English: 29%). Deduplication was performed
in two stages: (i) hash-based exact-match removal of identical texts after normalization
(lowercasing, whitespace standardization, and removal of URLs and identifier-like strings
such as order/tracking codes), retaining the first occurrence; and (ii) near-duplicate removal
using character n-gram TF–IDF cosine similarity, collapsing records with similarity ≥ 0.95
and keeping the earliest timestamped text within each cluster. In total, 18,735 texts were
removed through deduplication, and a further 21,512 texts were excluded due to language
filtering and low-information/spam screening. Figure 1 summarizes the data collection
and filtering pipeline, and descriptive characteristics of the corpus are reported in Table 1.

Figure 1. Data collection and filtering pipeline. Raw complaints (n = 158,420) were deduplicated
(−18,735), restricted to Turkish and English (−9114), screened to remove non-e-commerce texts
(−7892), and cleaned by excluding very short or spam-like entries (−4506), yielding a final analytic
corpus of 118,173 complaints.

Table 1. Corpus summary.

Item Value

Time window January 2019 to December 2025 (84 months)
Raw texts collected 158,420

Final analytic corpus 118,173
Language coverage Turkish (71%), English (29%)

Median text length (tokens) 84
Sources Complaint portal posts; app-store reviews

Marketplaces covered 3 major marketplaces + complaint portal aggregator

Unit of analysis Text entry (one record per complaint portal post or
app-store review)

Although the texts are publicly available, complaint narratives can contain personal
identifiers or transactional details. A de-identification protocol aligned with established
guidance for ethical internet research was applied prior to analysis and storage [68]. No at-
tempt was made to re-identify individuals, profile users, or link records to external datasets.

Redaction was rule-based and conservative. Emails, phone numbers, addresses, order
IDs, tracking codes, and bank references containing partial card numbers were removed,
along with personal names when they appeared in common name–surname patterns. Only
de-identified text and derived features (topic probabilities and topic prevalence) were stored.
Results were reported at aggregated levels (topic, month, platform) to reduce disclosure risk.

3.2. Text Preprocessing

Complaint texts are short, noisy, and heterogeneous, which can degrade clustering
stability when preprocessing is inconsistent [69]. A standardized preprocessing pipeline
was applied. Text was normalized through lowercasing, Unicode normalization, whitespace
cleanup, and URL removal. Identifier redaction was implemented via regular expressions
consistent with the de-identification protocol. Automatic language identification was
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performed using the fastText lid.176 language identification model to retain Turkish and
English texts only [70]. Empty entries were removed, and texts shorter than 15 whitespace
tokens were excluded to avoid unstable representations driven by sparse content.

Stopwords were removed for topic representation only. Turkish and English stopword
lists were used, and domain stopwords such as “order” and “platform” were added to
reduce uninformative high-frequency terms in c-TF-IDF representations. Stopwords were
not removed before embedding because transformer encoders can benefit from contextual
function words in short texts [35].

Turkish morphology can inflate lexical variation [71]. As a robustness check, the full
pipeline was repeated with Turkish lemmatization using an established Turkish morpho-
logical analyzer (e.g., Zemberek [72]), and the stability of topic solutions and temporal
patterns was evaluated.

3.3. Topic Modeling with BERTopic

BERTopic was used to extract complaint topics from the multilingual complaint corpus.
The method clusters dense semantic document representations and constructs interpretable
topic descriptors using class-based TF–IDF (c-TF-IDF) [36]. The embedding step relied
on a multilingual sentence-transformer suitable for Turkish and English (paraphrase-
multilingual-MiniLM-L12-v2) [35]. Transformer embeddings capture semantic similarity
beyond surface word overlap, which is valuable in complaint corpora where similar issues
are described using varied phrasing [34].

The modeling pipeline proceeded in four stages. First, each complaint was encoded
into a dense vector using the pretrained transformer model [35]. Second, UMAP was
applied for dimensionality reduction prior to clustering [73]. Third, reduced embeddings
were clustered with HDBSCAN, which accommodates clusters of varying density and
assigns outliers to a noise class [74]. Fourth, c-TF-IDF was computed within each cluster to
generate representative terms [36], and term lists were refined using a KeyBERT-inspired,
diversity-aware representation to reduce redundancy among top words. Outliers were
assigned by HDBSCAN to a noise class; low-confidence non-noise assignments were
additionally excluded using a probability threshold (p < 0.15). Among the non-noise
texts, 20,531 (19.0%) had topic-assignment probabilities below the 0.15 threshold and were
therefore excluded from prevalence-based summaries. Manual screening was limited to
removing residual spam or boilerplate content using pre-defined rules.

Model specifications are summarized in Table 2 to support reproducibility. Parameter
settings were fixed prior to topic interpretation to limit the researcher degrees of freedom.
Because UMAP includes stochasticity, stability checks re-estimated the pipeline across
10 UMAP random seeds while holding the remaining parameters constant.

Table 2. BERTopic configuration and key parameters.

Component Specification

Embedding model paraphrase-multilingual-MiniLM-L12-v2

UMAP n_neighbors = 15; n_components = 5; min_dist = 0.0; metric = cosine

HDBSCAN min_cluster_size = 250; min_samples = 10; metric = Euclidean

Topic representation c-TF-IDF + KeyBERT-inspired representation; top_n_words = 15

Outliers

Assigned by HDBSCAN to a noise class; low-confidence non-noise
assignments were additionally excluded using a probability

threshold (p < 0.15). Manual screening was limited to removing
residual spam/boilerplate using pre-defined rules.

Note. c-TF-IDF = class-based TF–IDF; UMAP = Uniform Manifold Approximation and Projection; HDBSCAN = Hi-
erarchical Density-Based Spatial Clustering of Applications with Noise.
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3.4. Topic Quality, Robustness, and Validation

Topic quality and robustness were assessed using complementary quantitative diag-
nostics, cross-run stability checks, multilingual consistency checks, and structured human
validation. Quantitative diagnostics focused on semantic coherence (c_v) and topic diver-
sity, defined as the share of unique words across topic descriptors [75]. In addition, topic
intrusion and word intrusion tests were conducted on a subsample to assess interpretabil-
ity [56].

Sensitivity to topic granularity: Candidate solutions were estimated for k = 10–60 top-
ics, and c_v coherence and topic diversity were compared across this range (Figure 2).
Coherence peaked around k = 35 while topic diversity remained high. Although larger
k values further increased diversity, they were associated with a noticeable decline in
coherence. Accordingly, k = 35 was selected for the main analysis.

Figure 2. Model selection diagnostics across candidate topic counts (k): c_v coherence and topic
diversity. Coherence peaks around k = 35, while diversity increases with k and peaks around k = 45;
selected k = 35 as the main specification as it provides the strongest coherence while maintaining
high diversity.

Stability across runs and preprocessing variants: To assess whether the identified
topics were artifacts of a single stochastic run, the model was re-estimated across 10 UMAP
random seeds while holding the embedding model and clustering settings fixed (Table 2). In
addition, sensitivity to preprocessing variants was evaluated, including the Turkish-specific
preprocessing described in Section 3.2.

Topic solutions were treated as stable when they showed high overlap in top terms
(Jaccard similarity ≥ 0.80) and high similarity in topic representations (cosine similar-
ity ≥ 0.70) across runs/specifications. Stability diagnostics are summarized in Table S1
(Supplementary Material).

Multilingual validation (Turkish vs. English): Because the corpus contains both
Turkish and English complaints, the consistency of the topic structure across languages
was evaluated. The topic model was re-estimated on Turkish-only and English-only
subsets, and topics were aligned based on similarity in their representations (e.g., top-
term overlap and representation similarity). Alignment was then assessed by comparing
(i) the degree of topic correspondence across languages and (ii) whether the dominant
macro-themes were preserved. Alignment summary statistics are provided in Table S2a,
and topic-level language-stratified summaries and mappings are provided in Table S2b
(Supplementary Material).
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Human validation and topic labeling: Two independent coders labeled topics using
(i) the top c-TF-IDF terms and (ii) 10 representative complaints per topic sampled from
high-confidence assignments. Coders followed a shared codebook defining label rules and
boundary conditions between closely related topics. Inter-coder agreement was assessed
using Cohen’s kappa (κ = 0.81) [76]. Disagreements were resolved through discussion,
resulting in the final topic labels used in Section 4. For transparency, the full topic in-
ventory (label, top terms, prevalence, and representative texts) is reported in Table S3a
(Supplementary Material). For transparency, representative complaints sampled from
high-confidence assignments are provided in Table S3b (Supplementary Material). To for-
malize the macro-theme grouping procedure, Table S3d (Supplementary Material) reports
the topic-to-macro-theme assignment rules, boundary conditions for adjacent categories,
and the sampling logic used for the 10 representative complaints per topic. After topic
labeling, the macro-theme grouping was finalized through coder-guided adjudication us-
ing predefined rules. Because this step was consensus-based rather than conducted as a
separate, independent coding round, a distinct macro-theme-level agreement statistic was
not computed.

3.5. Measures and Analysis Strategy

BERTopic assigns each complaint to a topic and, when available, provides assignment
probabilities. Monthly topic prevalence was estimated in two ways. The primary measure
was probability-weighted prevalence for topic k in month t, defined as

Prevkt =
1

Nt
∑
i∈t

pik (1)

where Nt denotes the number of complaints in month t and pik is the model-based probabil-
ity that complaint i belongs to topic k. As a robustness check, prevalence was re-estimated
using modal assignments as the share of complaints in month t whose most likely topic
was k.

Platform topic profiles were computed as topic distributions within each marketplace
over the full window and within each year. Cross-platform differences in topic distributions
were summarized using Jensen–Shannon divergence and assessed using permutation tests.

RQ1 identified dominant grievance categories. Topic inventories were reported with
labels, representative terms, and prevalence. Interpretation was anchored in perceived
risk facets and justice concerns [20,47]. Topic-solution quality, stability, and multilingual
validation diagnostics are reported in Section 3.4.

Because the corpus is bilingual, language-related sensitivity was assessed at two
levels. First, semantic robustness was evaluated by re-estimating the topic model sepa-
rately on Turkish-only and English-only subsets and aligning topics across languages in
Table S2a,b (Supplementary Material). Second, differences in macro-theme prevalence
across Turkish and English complaints were tested using a Pearson chi-square test in
Table S2c (Supplementary Material). To assess whether these differences persisted after ad-
justment, language effects were also examined within the multinomial logistic framework
used for platform comparisons in Table S2d (Supplementary Material).

RQ2 assessed the temporal change in topic salience. Structural shifts in the monthly
prevalence series were detected using PELT changepoint estimation [77]. Pre–post differ-
ences were assessed with the Mann–Whitney test and summarized with Cliff’s delta [78,79].
Monotonic trends were evaluated with the Mann–Kendall test and Theil–Sen slopes [80].
False discovery rates were controlled using the Benjamini–Hochberg procedure [81]. Sensi-
tivity checks assessed whether inferences were robust to temporal dependence in monthly
series. Turning-point contrasts were summarized using fixed six-month pre/post windows
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to provide a common reporting frame across themes. As a sensitivity check, the same
comparisons were re-estimated using four-month and eight-month windows, together with
a dependence-aware monthly comparison. As shown in Table S8 (Supplementary Material),
the direction of the main shifts remained unchanged, with the strongest breaks proving
robust across specifications, while the decline in Remediation Frictions was interpreted
more cautiously.

To triangulate the interpretation of the post-2023 shift in escalation-related narratives,
a bilingual dictionary of automation markers was constructed (Table S4, Supplementary
Material), and each text was flagged if it contained ≥ 1 marker. Monthly marker prevalence
was computed as the share of flagged texts. Pre- and post-2023-02 windows were then
compared using the same six-month windowing and Mann–Whitney framework used for
macro-theme turning points, with Cliff’s δ reported as the effect size. Results are reported
for the full corpus and within Escalation Failures.

RQ3 evaluated platform differences net of composition. Multinomial logistic regres-
sion was estimated with modal topic assignment as the outcome and platform as the focal
predictor, including month fixed effects and language controls. Results were reported as
relative risk ratios with robust standard errors [82], supplemented by Jensen–Shannon
divergence and permutation-based p-values.

Finally, substantive conclusions were required to persist under the modal-assignment
prevalence estimates. Findings are interpreted as shifts in expressed risk and justice
concerns under evolving operational and governance conditions, not as direct estimates of
incident rates.

4. Results
4.1. Topic Structure and Macro-Themes

The final BERTopic specification (k = 35) yielded 35 interpretable topics and a noise
(outlier) class accounting for 8.6% of documents. A targeted manual review of the HDB-
SCAN noise class likewise did not indicate a coherent omitted emerging-risk category;
reviewed cases were predominantly weak fits to existing topics, mixed-issue texts, or
low-specificity complaints (Table S3c, Supplementary Material). The noise class corre-
sponds to texts assigned to the HDBSCAN noise cluster during clustering and is reported
separately; unless otherwise noted, prevalence-based summaries are computed on the
retained, high-confidence set of non-noise documents (i.e., after excluding low-confidence
assignments as defined in Section 3.3). Topic labels were assigned based on top keywords
and representative complaints and refined using coder definitions. For exposition, the
35 micro-topics were grouped into five macro-themes reflecting dominant risk and trust
mechanisms in complaint narratives based on coder-defined conceptual similarity and
semantic proximity in the intertopic map. The macro-theme mapping is reported in Table 3.

To address RQ1, the dominant grievance categories are synthesized into topics and
macro-themes. The intertopic distance structure corroborates this organization (Figure 3).
Fulfillment and remediation topics (T1–T16) occupy a contiguous region, while governance-
oriented risks (T30–T35) form a more distinct area characterized by vocabulary around
security, consent, and policy-based claims. Escalation-related topics (T24–T29), including
automated and scripted support experiences, appear between these regions, consistent with
escalation barriers functioning as a procedural justice concern that can convert operational
failures into trust judgments [20,50]. In complaints about delays or refunds, the narrative
often shifts when the dispute process is described as unresponsive or non-correctable,
aligning with procedural fairness as a mechanism shaping legitimacy perceptions.
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Figure 3. Intertopic map (UMAP projection of topic embeddings). Points represent micro-topics and
are labeled by topic codes. Relative proximity reflects semantic similarity in the embedding space.
Colors and marker shapes indicate macro-theme membership. Bubble size is proportional to topic
prevalence. The outlier (noise) class is excluded from the map.

These distinctions also clarify the boundary between three adjacent grievance domains.
Remediation Frictions refer to failures in the execution of restitution once a remedy pathway
is available; the focal issue is whether refunds, returns, credits, or reversals are processed
in a predictable, transparent, and timely manner. Escalation Failures arise when access to
meaningful review is itself impaired; the central problem is not only delayed recovery, but
also blocked voice, weak correctability, absent human handoff, or repetitive case handling
that prevents the dispute from being substantively heard. Governance Threats differ from
both because they concern risks attributed to the platform’s institutional safeguards and rule
system, including account security, fraud prevention, privacy, consent, and manipulative
interface design.

Cross-language robustness checks indicate that the pooled topic inventory is semanti-
cally stable across Turkish and English complaints in Table S2a,b (Supplementary Mate-
rial). However, macro-theme prevalence differs significantly by language (χ2(4) = 3124.84,
p < 0.001, Cramér’s V = 0.189; Table S2c, Supplementary Material). English-language
complaints are relatively more concentrated in Remediation Frictions and Governance
Threats, whereas Turkish-language complaints are relatively more concentrated in Fulfill-
ment Disruptions and Product Integrity Risks.

Table 4 reports the most prevalent micro-topics in the analytic corpus. The distribution
is not dominated by a single issue category: salience is spread across fulfillment problems
and monetary remediation, with sizeable contributions from product integrity concerns and
escalation failures. This pattern is consistent with institution-based trust in marketplaces,
where platform-level structural assurances are evaluated through the reliability of delivery,
refund execution, and dispute resolution [83].

https://doi.org/10.3390/jtaer21040116

https://doi.org/10.3390/jtaer21040116


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 116 12 of 28

Table 3. Macro-themes and constituent micro topics.

Macro-Theme Definition (Used for Grouping) Constituent Micro Topics

Fulfillment Disruptions
Failures in delivery execution and

shipment control, including delays, loss,
and misdelivery.

T1 Delivery delays, T2 Missed slots, T3 Tracking
failures, T4 Lost parcels, T5 Wrong/partial delivery, T6

Damaged package on arrival, T7 Courier conduct
complaints, T8 International shipping/customs issues

Remediation Frictions
Frictions in monetary remediation and

return workflows, including delays,
denials, and fee disputes.

T9 Refund pending, T10 Partial refund disputes, T11
Chargeback guidance and reversals, T12 Return
pickup and label issues, T13 Return denied, T14

Restocking and hidden fees, T15 Wallet or store credit
blocks, T16 Promotional refund and points disputes

Product Integrity Risks
Concerns about authenticity and

information asymmetry, including
misleading listings and quality mismatch.

T17 Counterfeit/inauthentic goods, T18 Used item
sold as new, T19 Listing-photo mismatch, T20

Specification mismatch, T21 Wrong variant/size/color,
T22 Seller misrepresentation and bait listings, T23

Warranty eligibility disputes at purchase stage

Escalation Failures
Breakdowns in customer support access

and case handling, including chatbot
loops and blocked escalation.

T24 Chatbot loop and scripted replies, T25 Human
agent unreachable, T26 Escalation failure and handoff
barriers, T27 Ticket auto-closure without review, T28

Slow response and backlog, T29 Inconsistent
resolutions across contacts

Governance Threats
Risks tied to account integrity, fraud, data

handling, and manipulative interface
practices.

T30 Unauthorized transactions, T31 Account takeover
and lockouts, T32 OTP and verification failures, T33

Phishing and social engineering incidents, T34 Privacy
consent and data sharing concerns, T35 Dark patterns

and subscription traps

Table 4. Top 12 most prevalent micro-topics.

Topic Label Prevalence (%) Representative Keywords

T1 Delivery delays 7.80 delay, late, promised, courier, slot, tracking
T9 Refund pending 7.10 refund, pending, days, waiting, bank, reversal
T17 Counterfeit/inauthentic goods 6.40 fake, counterfeit, authenticity, replica, brand, serial
T12 Return pickup and label issues 5.60 return, label, pickup, courier, barcode, shipment
T19 Listing-photo mismatch 5.10 photo, description, misleading, different, mismatch, image
T24 Chatbot loop and scripted replies 4.70 chatbot, script, same, automated, loop, template
T4 Lost parcels 4.30 lost, missing, not delivered, depot, investigation, claim
T25 Human agent unreachable 4.10 agent, unreachable, call, wait, line, support
T30 Unauthorized transactions 3.90 unauthorized, card, payment, fraud, security, charge
T13 Return denied 3.60 denied, policy, rejected, reason, inspection, condition
T11 Chargeback guidance and reversals 3.40 chargeback, bank, dispute, reversed, proof, process
T27 Ticket auto-closure without review 3.20 ticket, closed, resolved, no review, status, system

Note. Prevalence values are percentages of the analytic corpus used for prevalence estimation (i.e., computed on
the retained, high-confidence non-noise set as defined in Sections 3.4 and 3.5); only the top 12 topics are shown,
and values are rounded. Keywords are shown in English for readability; bilingual descriptors and representative
texts for all topics are reported in Supplementary Table S3a,b.

Figure 3 presents an intertopic map based on the UMAP projection of topic embed-
dings. Relative proximity indicates semantic similarity in complaint narratives. The noise
(outlier) class is excluded from the map.

4.2. Theme Narratives

Theme narratives are based on topics estimated from the pooled corpus combining Şikayet-
var posts and app-store reviews; source differences are addressed via composition controls
(Section 3.5) and robustness checks reported in Tables S1 and S2 (Supplementary Material).
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4.2.1. Fulfillment Disruptions

Fulfillment Disruptions captures complaint narratives in which the marketplace
promise fails at the point of physical execution. The reported breakdown typically concerns
delivery delays, missed delivery windows, stalled tracking updates, lost parcels, wrong or
partial delivery, damage on arrival, courier conduct, or international shipping and customs
problems (T1–T8). The language in these texts is concrete and sequential, often built around
promised dates, scan events, delivery slots, depot holds, and handoff points that signal
where control was perceived to be lost.

Fulfillment has long been treated as a core dimension of electronic service quality be-
cause it connects online ordering to the outcome that matters most to consumers: receiving
the correct item, in usable condition, within the promised time frame [84–86]. Complaints
in this theme do more than register inconvenience. They reveal performance and time
risk as experienced by consumers, where uncertainty is amplified by limited visibility into
last-mile processes and by dependence on platform-mediated coordination [47]. These nar-
ratives also function as a test of institution-based trust. When delivery execution appears
unreliable, structural assurances provided by the marketplace, such as guarantees [87],
dispute systems [88], and policy claims [89], are evaluated as less credible because the
platform is perceived as unable to ensure dependable fulfillment at scale [43,44]. Sensitivity
to system-level strain is expected in this theme because logistics disruptions can propagate
and amplify bottlenecks across networks [90], creating clustered periods of failure rather
than isolated incidents [91].

A marked temporal shift is observed for Fulfillment Disruptions. A turning point
is detected in 2020-04, with the mean monthly prevalence increasing from 15.16% in
the six months before the break to 18.45% in the six months after (∆ = 3.28 percentage
points; Mann–Whitney p = 0.002; Cliff’s δ = 0.75) (Table 5). This change indicates a broad
reweighting toward fulfillment-related grievances in early 2020, consistent with a period in
which execution reliability became a dominant trust-relevant signal in complaint narratives.
Platform profiles also differ. Fulfillment Disruptions accounts for 18.24% of complaints on
Marketplace A, compared with 14.42% on Marketplace B and 12.36% on Marketplace C
(Figure 4), indicating that fulfillment breakdowns occupy a larger share of the expressed
complaint agenda within Marketplace A.

Figure 4. Prevalence of selected micro-topics over time (three-month rolling mean).
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Table 5. Turning points in macro-theme prevalence.

Macro-Theme Estimated Break Pre Mean (%) Post Mean (%) ∆ (pp) Mann–Whitney p Cliff’s δ

Fulfillment Disruptions 2020-04 15.16 18.45 3.28 0.002 0.75
Remediation Frictions 2021-12 24.44 23.06 −1.38 0.010 −0.63
Product Integrity Risks 2020-04 24.45 22.12 −2.32 <0.001 −0.88

Escalation Failures 2023-02 10.11 12.45 2.34 <0.001 0.93
Governance Threats 2022-06 22.72 24.16 1.44 0.002 0.75

4.2.2. Remediation Frictions

Remediation Frictions captures complaint narratives in which the primary dispute
concerns the return of money or value after a transaction has gone wrong. In this theme,
the breakdown is framed through refund timelines that extend for days or weeks, partial
refunds that do not match expectations, chargeback instructions and reversals, failed return
pickups, label or barcode problems, return denials, and disputes about restocking fees,
wallet credits, or promotional points. The emphasis is placed on financial exposure and
on the uncertainty of recovery, aligning closely with the financial risk facet in e-services
adoption research [92,93]. In service recovery scholarship, this stage functions as a pivotal
moment because perceived recovery quality shapes satisfaction, negative word of mouth,
and relationship outcomes after failure [94,95]. Justice theory clarifies why these complaints
are often read as more than administrative friction [96]. When procedures are experienced
as slow, inconsistent, opaque, or difficult to correct, trust can deteriorate even when some
reimbursement is eventually issued [97,98]. In digital channels, recovery quality is also tied
to compensation and contact options, which are frequently mediated through interfaces
and scripted workflows rather than direct interpersonal exchange [84]. In marketplace
settings, remediation complaints therefore act as a test of institution-based trust: platform
policies, guarantees, and dispute mechanisms are evaluated as structural assurances when
sellers and logistics partners are not directly accountable to buyers [99].

A substantive share of platform-level complaint agendas is allocated to Remediation
Frictions. In the marketplace profiles, this macro-theme accounts for 28.91% to 32.78%
of complaints, with the highest concentration observed for Marketplace B (Figure 4). A
turning point is detected in 2021-12, where mean monthly prevalence declines from 24.44%
to 23.06% (∆ = −1.38 percentage points; Mann–Whitney p = 0.010; Cliff’s δ = −0.63) (Table 5).
This breakpoint indicates a measurable reweighting of the complaint agenda after late 2021:
refund and return frictions remain central, but they occupy a smaller share of monthly
complaints as attention shifts toward other risk and trust concerns in later periods.

4.2.3. Product Integrity Risks

Product Integrity Risks captures complaint narratives in which the central allegation
is that the delivered item does not match what was promised at the point of purchase.
These complaints focus on authenticity and information-quality breakdowns, including
counterfeit or inauthentic goods, used items sold as new, listing and photo mismatches,
specification mismatches, wrong variants (size, color, model), bait listings, and warranty
eligibility disputes raised at the purchase stage (T17–T23). At its core, this theme reflects
an information asymmetry problem: consumers are asked to commit before direct inspec-
tion [100], so credibility hinges on the reliability of listing claims and on the institutional
safeguards that are expected to discipline sellers and correct misrepresentation [101]. When
those safeguards are perceived as weak or inconsistently enforced, the complaint is rarely
confined to product dissatisfaction [102,103]. Instead, it becomes a trust-relevant statement
about the marketplace as an institution, because structural assurances, governance rules,
and enforcement capacity define whether promises made in the interface can be treated as
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dependable [104]. This framing aligns with perceived risk scholarship, where authenticity
and misrepresentation are experienced as consequential risks that erode willingness to
transact even in the presence of convenience and price benefits [105–107].

A temporal reweighting is observed for this macro-theme. A turning point is detected
in 2020-04, with mean monthly prevalence declining from 24.45% in the six months before
the break to 22.12% in the six months after (∆ = −2.32 percentage points; Mann–Whitney
p < 0.001; Cliff’s δ = −0.88) (Table 5). The direction and magnitude of this change indicate
that integrity-related disputes remained prominent but occupied a smaller share of the
complaint agenda after early 2020, coinciding with periods in which operational disruption
and recovery frictions became more salient in complaint narratives. Platform profiles also
differ meaningfully: Product Integrity Risks represents 19.87% of complaints on Market-
place A, 21.11% on Marketplace B, and 24.98% on Marketplace C (Figure 4), indicating that
authenticity and listing-accuracy disputes constituted a larger portion of the expressed
complaint agenda within Marketplace C.

4.2.4. Escalation Failures

Escalation Failures captures complaint narratives in which the core problem is not only
the initial service failure, but the inability to obtain meaningful case handling afterward.
These texts describe being trapped in chatbot loops, receiving templated replies that do
not address the claim, failing to reach a human agent, and encountering ticket closures
that are experienced as automatic rather than deliberative. Additional subtopics include
prolonged backlogs and inconsistent outcomes across repeated contacts (T24–T29). In
service recovery terms, the complaint is framed around recovery access and recovery
quality: when contact channels do not provide a credible route to remedy, the failure is
reinterpreted as institutional neglect rather than a fixable operational mistake [108].

This theme maps closely onto procedural justice. The narratives emphasize lack of
voice, weak correctability, and inconsistency across interactions, which are classic condi-
tions under which legitimacy judgments deteriorate even when monetary or logistical
outcomes remain theoretically possible. In platform-mediated commerce, escalation is also
a governance function because the platform defines who can be reached, which claims are
routed, how evidence is evaluated, and whether exceptions can be granted [109,110]. The
expansion of automated support systems can improve speed for routine inquiries [111],
yet it can also introduce failure modes that are specific to AI-mediated service [112]: re-
peated scripts, misclassification, blocked handoffs, and opaque queueing that is perceived
as non-responsive [54]. Escalation Failures therefore represents a mechanism through
which operational incidents are converted into trust-relevant judgments about fairness,
accountability, and institutional reliability.

A durable reweighting of complaint attention is observed for this macro-theme. A
turning point is detected in 2023-02, with mean monthly prevalence increasing from
10.11% in the six months before the break to 12.45% in the six months after (∆ = 2.34
percentage points; Mann–Whitney p < 0.001; Cliff’s δ = 0.93) (Table 5). To triangulate
whether this shift is accompanied by an increasing presence of scripted/automated support
in user narratives, the monthly prevalence of bilingual automation markers was examined
(Table S4, Supplementary Material). Table 6 summarizes the pre–post comparison around
2023-02 for the full corpus and within Escalation Failures.

Platform profiles also differ materially: Escalation Failures account for 13.68% of
complaints on Marketplace A, compared with 9.74% on Marketplace B and 8.21% on
Marketplace C (Figure 5). In the model-based analysis, a higher relative likelihood of
Escalation Failures is retained for Marketplace A compared with Marketplace B after
month fixed effects and language controls are included (RRR = 1.11, p = 0.002). The
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post-2023 rise in escalation-related complaints is consistent with increased friction around
automated support and blocked handoff, although the supplementary evidence supports
an association rather than a definitive causal interpretation.

Figure 5. Macro-theme prevalence profiles across marketplaces. Cell values indicate the share of
complaints within each marketplace (%); columns sum to 100%. Note. Marketplace A = Trendyol;
Marketplace B = Hepsiburada; Marketplace C = Amazon Turkey. The A/B/C labels are used for
presentation clarity only.

Table 6. Automation-marker triangulation (pre–post around 2023-02).

Sample Pre Mean Monthly Share (%) Post Mean Monthly Share (%) ∆ (pp) Mann–Whitney p Cliff’s δ

Full corpus 5.2 7.9 +2.7 <0.001 0.83
Escalation

Failures only 9.6 14.8 +5.2 <0.001 0.92

Note. Monthly shares are the percentage of texts containing ≥1 bilingual automation marker. Pre and post
windows cover six months before and after 2023-02 (n = 6 months per period). Two-sided Mann–Whitney tests
are applied to monthly shares, and Cliff’s δ is reported as the effect size.

4.2.5. Governance Threats

Governance Threats captures complaint narratives in which harm is attributed to the
platform’s governance and safeguards rather than to a single transaction mishap. The
emphasis is placed on account of integrity, fraud exposure, and control over personal data.
Typical texts describe unauthorized transactions, account takeover and lockouts, failures in
one-time password or verification flows, phishing and social engineering incidents, privacy
and consent disputes, and manipulative interface practices such as subscription traps and
misleading enrollment screens (T30–T35). Unlike fulfillment failures, these complaints are
often read as violations of baseline institutional expectations: secure access, predictable
authentication, transparent consent, and credible protection against misuse.

This macro-theme is tightly connected to institution-based trust in platform-mediated
exchange because it concerns the integrity of the system that enables transactions in the
first place [113,114]. Information security research highlights that incentives and externali-
ties can lead to underinvestment in protection unless governance mechanisms are credible
and consistently enforced [115]. Privacy scholarship similarly shows that trust is shaped
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by perceived control, notice, and the alignment between stated practices and experienced
outcomes, especially when information disclosure is unavoidable for participation [116,117].
When complaints in this theme document verification failures, account recovery dead ends,
unexplained charges, or consent disputes, the platform is evaluated as an institutional
actor responsible for security controls and procedural safeguards, not as a neutral inter-
mediary [98,118]. Dark-pattern narratives sharpen this governance framing by portraying
interface design as a mechanism that steers decisions in ways users experience as deceptive
or difficult to reverse [119,120].

Governance Threats occupies a growing share of the complaint agenda. A turning
point is detected in 2022-06, with mean monthly prevalence rising from 22.72% in the six
months before the break to 24.16% in the six months after (∆ = 1.44 percentage points;
Mann–Whitney p = 0.002; Cliff’s δ = 0.75) (Table 5). Platform profiles also differ: Governance
Threats account for 19.30% of complaints on Marketplace A, 21.95% on Marketplace B, and
24.01% on Marketplace C (Figure 5). In the model-based analysis, Governance Threats
remains more likely on Marketplace C than on Marketplace B after month fixed effects
and language controls are included (RRR = 1.28, p < 0.001). This pattern indicates that
governance and security concerns represent a distinct and consequential component of
expressed risk, with salience that increases after mid-2022 and varies systematically across
marketplace ecosystems.

4.3. Temporal Dynamics and Turning Points

To address RQ2, the evolution of complaint topics over time is examined, and identifi-
able turning points in topic prevalence are assessed. Figure 4 plots monthly prevalence for
six salient micro-topics, shown as a three-month rolling mean to reduce month-to-month
noise. Delivery-delay complaints rise sharply in early 2020 and then decline toward a
lower plateau. Refund-pending complaints remain elevated after the early-2020 disrup-
tion period. Chatbot-loop and scripted-reply complaints increase after early 2023 and
stay higher through the end of the window. Dark-pattern complaints rise from mid-2022,
security-related complaints increase around early 2024, and counterfeit/inauthentic-goods
complaints remain comparatively steady with gradual drift rather than abrupt shifts.

Turning points were estimated on monthly macro-theme prevalence series and val-
idated using distributional pre–post comparisons. Table 5 reports the estimated break
month, mean prevalence in the six months before and after the break, the level change in
percentage points, and nonparametric evidence. The largest increase is observed for Fulfill-
ment Disruptions (break = 2020-04; ∆ = 3.28 pp). Escalation Failures show a further upward
shift after early 2023 (break = 2023-02; ∆ = 2.34 pp), and Governance Threats rise after
mid-2022 (break = 2022-06; ∆ = 1.44 pp). Declines are observed for Remediation Frictions
(break = 2021-12; ∆ = −1.38 pp) and Product Integrity Risks (break = 2020-04; ∆ = −2.32 pp).
Effect sizes are large for the strongest shifts (absolute Cliff’s δ ≥ 0.75), indicating that the
detected breaks reflect broad changes in the monthly prevalence distributions rather than
isolated spikes. As a source-composition robustness check, the major pooled breakpoints
were also re-examined separately for complaint-portal texts and app-store reviews. The
results, reported in Table S7 (Supplementary Material), show that the main shifts remain
directionally consistent across source types, although their magnitude varies.

The most pronounced temporal break occurs in 2020-04, which coincides with the onset
of the COVID-19 disruption period. The sharp increase in Fulfillment Disruptions, together
with the concurrent decline in Product Integrity Risks, suggests that complaint attention
shifted toward delivery execution, delay, and logistics reliability during the early pandemic
period. Given the observational design, this pattern is interpreted as pandemic-consistent
rather than as a strict causal effect.
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As a triangulation check, the monthly prevalence of texts containing ≥1 bilingual
automation marker is computed (see Table 6); the dictionary, monthly series, and pre–post
tests are provided in Tables S4–S6 (Supplementary Material).

4.4. Platform Differences

To address RQ3, macro-theme distributions were compared across marketplaces. Figure 5
shows systematic reweighting of complaint agendas across platforms. Marketplace A
exhibits higher shares of Fulfillment Disruptions (18.24%) and Escalation Failures (13.68%)
than Marketplace B (14.42%; 9.74%) and Marketplace C (12.36%; 8.21%). Marketplace B
allocates a larger share to Remediation Frictions (32.78%) than Marketplace A (28.91%). Mar-
ketplace C shows higher shares of Product Integrity Risks (24.98%) and Governance Threats
(24.01%) than Marketplace A (19.87%; 19.30%), indicating greater salience of authenticity,
information quality, and governance-related concerns in that ecosystem.

These differences are supported by divergence-based and model-based tests. Pair-
wise Jensen–Shannon divergence is largest between Marketplace A and Marketplace C
(JSD = 0.0132), followed by Marketplace A and Marketplace B (JSD = 0.0056), with Mar-
ketplace B and Marketplace C more similar (JSD = 0.0029); permutation tests indicate
statistically reliable separation (Table 7). In multinomial logistic regression with month
fixed effects and language controls, platform effects are jointly significant (χ2(8) = 214.6,
p < 0.001). With Fulfillment Disruptions as the reference category, Escalation Failures are
more likely on Marketplace A than on Marketplace B (RRR = 1.11, p = 0.002). Product
Integrity Risks and Governance Threats are more likely on Marketplace C than on Market-
place B (RRR = 1.38, p < 0.001; RRR = 1.28, p < 0.001), while Remediation Frictions are more
likely on Marketplace B than on Marketplace A (RRR = 1.43, p < 0.001). Full model estimates
are reported in Table S9 (Supplementary Material). Given the large corpus, the multinomial
results are interpreted primarily in terms of effect direction and relative magnitude rather
than statistical significance alone. In substantive terms, the largest platform differences
are observed for Product Integrity Risks, Governance Threats, and Remediation Frictions,
whereas the Escalation Failures contrast between Marketplaces A and B is statistically
reliable but comparatively modest in size.

Table 7. Pairwise Jensen–Shannon divergence of macro-theme distributions.

Comparison Jensen–Shannon
Divergence Permutation p

Marketplace A vs. Marketplace B 0.0056 0.0001
Marketplace A vs. Marketplace C 0.0132 0.0001
Marketplace B vs. Marketplace C 0.0029 0.0001

Note. Permutation p-values are reported to four decimals; values of 0.0001 indicate p ≤ 0.0001.

Language also remained jointly significant in the adjusted multinomial specification
(Joint Wald χ2(4) = 148.72, p < 0.001; Table S2d, Supplementary Material). Relative to
Turkish complaints, English complaints were more likely to fall into Remediation Frictions
(RRR = 1.52, 95% CI [1.45, 1.59], p < 0.001) and Governance Threats (RRR = 1.86, 95% CI
[1.77, 1.96], p < 0.001), and less likely to fall into Product Integrity Risks (RRR = 0.82, 95%
CI [0.78, 0.86], p < 0.001) and Escalation Failures (RRR = 0.93, 95% CI [0.89, 0.98], p = 0.006),
relative to Fulfillment Disruptions. This adjusted pattern is substantively consistent with
the unadjusted comparison and indicates that language differences reweight macro-theme
prevalence without overturning the pooled topic structure.
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5. Discussion
An implication to consider for trust and perceived risk theory is that complaint salience

tracks the risk facets that are most exposed at a given time. The sharp increase in Fulfillment
Disruptions at the 2020-04 breakpoint aligns with heightened time and performance risk,
where consumers face uncertainty about delivery execution and limited visibility into last-
mile processes [47]. In marketplace settings, these risks are evaluated through institution-
based trust, since platforms act as structural assurance providers through rules, guarantees,
and dispute systems [43,44]. When fulfillment appears unreliable, the credibility of platform
assurances is tested more strongly, even if the marketplace is not the direct carrier. The
parallel decline in Product Integrity Risks after the same breakpoint suggests agenda
substitution: authenticity and misrepresentation remain important, yet a system-wide
disruption can re-prioritize what consumers choose to voice in public complaints. This
supports a compositional view of risk narratives: the most salient grievance category is not
necessarily the most frequent underlying failure, but the one that feels most consequential
or least controllable in that period.

A second and more novel contribution concerns the emergence and growth of Escala-
tion Failures as a distinct macro-theme. Service failure and recovery research emphasizes
that post-failure response quality shapes satisfaction and downstream relationship out-
comes [9,10]. Justice theory clarifies why escalation narratives often sound more severe
than the initiating incident: lack of voice, weak correctability, and inconsistency in proce-
dures are conditions under which legitimacy judgments deteriorate [20,50]. The post-2023
increase in Escalation Failures suggests a shift in where breakdowns are perceived, from
“slow resolution” to “blocked access to resolution.” This pattern is consistent with users
increasingly describing front-line support as scripted or automated, which can reduce
friction for routine cases while also being associated with failure modes such as looping
responses, misclassification, and delayed or blocked handoff to humans [12,29,54,121]. In
platform contexts, escalation is not a peripheral service attribute; it is part of governance
because the platform defines routing, evidence requirements, and the conditions under
which exceptions can be granted [122]. The results extend platform trust research by show-
ing that automation and procedural constraints reshape grievances via response speed and
perceived limits on voice and correctability.

A third insight is the salience and growth of Governance Threats, which concentrates
risks tied to account integrity, fraud exposure, privacy, consent, and manipulative interface
practices. These complaints target the platform as an institutional actor responsible for
the integrity of the transaction environment, not just an intermediary connecting buyers
and sellers. This is aligned with institution-based trust frameworks, where the platform’s
safeguards substitute for direct interpersonal trust under uncertainty [43,44]. The rise in
Governance Threats after the 2022-06 breakpoint is consistent with a broader shift toward
system-level risk narratives, including security and privacy concerns. Research on the eco-
nomics of information security highlights how incentives and externalities can lead to un-
derinvestment unless governance mechanisms are credible and consistently enforced [115].
Privacy scholarship similarly emphasizes control, notice, and alignment between stated
practices and experienced outcomes as foundations of trust [116,117]. Dark-pattern com-
plaints sharpen this framing by positioning interface design as a governance instrument
that steers choice in ways users experience as deceptive or difficult to reverse [120,123,124].
The results suggest that governance and security are not “edge” topics in the complaint
ecosystem; they represent a stable cluster that gains prominence over time.

Platform comparisons add an additional layer by showing that grievance compositions
differ systematically across marketplaces even after accounting for time variation and
bilingual corpus composition. Marketplace A’s higher shares of Fulfillment Disruptions
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and Escalation Failures are consistent with an agenda shaped by operational execution
and post-failure procedural access, while Marketplace B’s higher Remediation Frictions
indicate a stronger concentration on monetary recovery workflows. Marketplace C’s higher
Product Integrity Risks and Governance Threats indicate greater salience of authenticity,
information quality, and system integrity narratives in that ecosystem. These differences
align with the multi-target nature of trust in marketplaces, where consumers evaluate
sellers and platform governance simultaneously [40,42]. Complaint narratives make these
targets visible because texts assign responsibility, describe what remedy pathways were
available, and reveal which assurances were perceived as credible. The platform-level
patterning of topics provides an empirical signature of governance and service design
differences that is hard to capture with cross-sectional surveys.

Methodologically, the study shows the value of multilingual text-as-data for theory-
driven measurement of risk and trust narratives. Topic modeling has been used to extract
themes from large corpora without exhaustive hand coding [33], and recent work demon-
strates how embeddings improve semantic coherence in short, noisy texts [34,35]. The
BERTopic workflow strengthens interpretability through class-based TF–IDF representa-
tions and clustering of dense semantic vectors [36]. The additional stability checks, multi-
lingual consistency checks, and structured human labeling improve confidence that the
identified categories correspond to meaningful grievance structures rather than artifacts of
a single run or a language-specific vocabulary [56,75]. This strengthens the bridge between
computational measurement and theory: topic prevalence can be interpreted as changing
salience of risk facets and justice concerns, rather than a purely descriptive taxonomy.

Interpretation should remain bounded by what complaint data can support. Com-
plaint corpora capture voiced dissatisfaction rather than the full distribution of negative
experiences, and complaint behavior reflects opportunity, motivation, and perceived ef-
ficacy of voicing [55]. The analysis therefore speaks most directly to the composition of
expressed grievances in public channels, not to incident rates. Platform differences can
reflect differences in user base, channel mix, and reporting norms as well as differences in
operational performance. Turning points identify structural changes in prevalence series
but do not, on their own, establish causal drivers. These boundaries do not weaken the
central contribution, which is to provide a high-granularity, longitudinal view of how risk
and trust narratives are framed and reweighted in marketplace complaints under evolving
operational conditions and governance regimes.

The main theoretical message is that marketplace trust is increasingly shaped by pro-
cedural access and governance integrity, as well as fulfillment and refunds. Complaint
agendas reveal where consumers perceive control, fairness, and accountability to break
down and how these perceptions shift when platforms scale, automate, and adjust gover-
nance. This sets up a clear foundation for the separate implications section by identifying
the mechanisms that move complaint narratives from operational incidents to institutional
trust judgments.

Although the empirical setting is Turkey, the mechanisms highlighted by the findings
are not unique to Turkey. Fulfillment reliability, remedy predictability, escalation access,
and governance integrity are core trust levers in many marketplace environments. What
is likely to vary across countries is the relative salience of these themes, depending on
logistics maturity, platform structure, consumer protection enforcement, and the extent of
service automation. For this reason, the complaint-to-action framework should be read as a
transferable diagnostic template rather than a Turkey-specific ranking of interventions.
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6. Managerial Implications
The findings translate into practical guidance for marketplace operators because the

complaint agenda shifts across failure types and across platforms. The point is not to treat
complaint prevalence as incident rates, but to use changes in topic salience as a high-signal
view of where customers perceive reliability, recovery, escalation access, and governance
to be breaking down. Table 8 summarizes a compact “complaint-to-action” cheat sheet
that links each macro-theme to a priority lever and a minimal KPI set. The actions listed in
Table 8 should therefore be read as plausible managerial responses inferred from complaint
salience patterns, not as tested causal remedies or validated intervention effects.

Table 8. Complaint-to-Action Cheat Sheet.

Theme (Macro) Sentinel Topics
(Examples)

What to Do First (Priority
Lever)

What to Monitor
(1–2 KPIs)

Fulfillment Disruptions T1 Delivery delays;
T4 Lost parcels

Add proactive exception
handling for stalled
shipments + clearer

tracking states

On-time delivery;
scan-latency/stalled-

shipment rate

Remediation Frictions T9 Refund pending;
T12 Return pickup/label

Publish refund/return
SLAs + status transparency;

separate “auto-approve”
vs. “investigate”

Refund cycle time; %
refunds within SLA

Product Integrity Risks
T17 Counterfeit;

T19 Listing-photo
mismatch

Fast quarantine/takedown
for high-risk listings +

repeat-seller enforcement

Time-to-takedown;
repeat-offender rate

Escalation Failures T24 Chatbot loop;
T27 Auto-closure

Guarantee human handoff
rules + audit and reduce

auto-closures for
unresolved cases

Time-to-human; recontact
rate/% reopened cases

Governance Threats
T30 Unauthorized

transactions;
T35 Dark patterns

Harden account recovery
and fraud response + audit
subscription/consent flows

Account recovery success;
cancellation

completion rate

Cross-cutting Watchlist of 6–10 topics
Weekly topic dashboard
with thresholds + rapid

root-cause drills

Topic z-score vs. baseline;
time-to-mitigate

Topic prevalence can be operationalized as a monitoring layer. Platforms may move
from reactive case handling to proactive control by tracking a small watchlist of sentinel
topics (Table 7) at weekly or monthly cadence. The dashboard should include thresholds
relative to each platform’s own baseline, plus a short “time-to-mitigate” measure to prevent
recurring spikes from becoming normalized. This creates a repeatable routine: detect
a shift, diagnose the likely process bottleneck, deploy a short-horizon fix, and confirm
improvement through the same topic signals.

Fulfillment may be better treated as a trust lever rather than a logistics metric. Fulfill-
ment Disruptions remain prominent and show sharp turning-point behavior, which makes
them suitable for early-warning monitoring. The quickest wins often come from reducing
“last-mile ambiguity”: clearer tracking states, automatic triggers for stalled scans, proactive
messages that specify what the platform will do next, and exception workflows that do not
require repeated customer contact. These interventions target performance and time risk as
customers experience it [48] and protect institution-based trust when the platform is the
visible accountability holder [43,44].
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Remediation can be made more predictable by productizing refund and return SLAs.
Remediation Frictions represent uncertainty of recovery, which customers often interpret as
ongoing financial exposure. The managerial lever is predictability: explicit SLAs, transpar-
ent case status, and a clean separation between cases that require investigation and cases
that can be auto-approved. Where wallet credits, promotional refunds, or partial refunds
drive disputes, platforms may reduce avoidable complaints by clarifying convertibility and
eligibility rules before customers initiate a return.

Escalation paths can be designed around procedural access. Escalation Failures are ac-
tionable because they reflect not only a service breakdown but a breakdown in getting heard.
Procedural justice research highlights why these cases become trust-damaging: lack of voice,
weak correctability, and inconsistent handling undermine legitimacy judgments [20,50]. If
automated support is part of the service model, the core safeguard is a reliable handoff
rule: when the system cannot resolve a claim with evidence, customers need a clear route
to human review, case ownership, and protection against non-deliberative auto-closure.
This reduces repeat contacts and prevents “looping” interactions from becoming a stable
source of grievances.

Greater investment in governance integrity becomes important where risks become
system-level. Governance Threats point to risks that customers attribute to the platform’s
safeguards: account takeover, unauthorized transactions, verification failures, consent
disputes, and manipulative interface practices. These are not “edge” issues because they
frame the platform as responsible for system integrity. Security economics and privacy
research emphasize the need for credible, consistently enforced protections and transparent
data practices [115–117]. Dark-pattern complaints are especially reputationally costly
because they imply intent; routine audits of enrollment, cancellation, defaults, and consent
flows can prevent issues that customer support cannot easily “fix” after the fact [121,124].

Finally, platform-level differences in macro-theme profiles can guide prioritization. A
platform with a complaint agenda weighted toward escalation should not spend its primary
improvement capacity on minor UI refinements; it needs escalation architecture and case
governance. A platform weighted toward integrity disputes needs seller enforcement and
listing governance. Using the macro-theme profile as a resource-allocation tool helps ensure
that investments match the most trust-relevant pain points visible in customer narratives.

7. Robustness, Limitations, and Future Research
The main findings are not tied to a single modeling or measurement choice. Topic

prevalence was estimated using probability-weighted assignments and re-estimated using
modal assignments; substantive patterns (theme ordering, turning-point timing, and plat-
form reweighting) were required to hold under both constructions. Topic solutions were
selected using coherence–diversity diagnostics and checked for stability across UMAP ran-
dom seeds and preprocessing variants, with topic consistency evaluated through overlap
in top terms and similarity in topic representations. Multilingual validity was examined
by re-estimating models on Turkish-only and English-only subsets and aligning topics
across languages to verify that the dominant macro-themes were preserved. Temporal in-
ferences were further supported by distributional pre–post comparisons around estimated
breakpoints, effect-size reporting, and multiple-testing control.

The corpus reflects voiced dissatisfaction in public channels rather than the full distri-
bution of negative experiences. Complaint behavior depends on opportunity, motivation,
and perceived efficacy of voicing, so topic prevalence should be interpreted as the salience
of expressed grievances rather than incident rates [55]. Source mix also matters: complaint-
portal posts and app-store reviews differ in length, context, and posting incentives, which
can shape what gets articulated and how. Platform comparisons can likewise reflect differ-
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ences in user composition, channel usage, and reporting norms in addition to operational
or governance differences. Turning points identify structural changes in prevalence series,
but they do not, on their own, establish causal drivers; multiple real-world changes can
coincide with a breakpoint. Finally, topic models provide structured summaries, yet bound-
aries between closely related topics are not always sharp, and some nuances in complaint
narratives (especially rare or highly specific issues) may be absorbed into broader categories
or the noise class.

Several extensions would deepen inference and improve actionability. First, linking
complaint topics to operational and policy data (logistics KPIs, refund processing logs,
seller enforcement actions, support queue metrics, and product or interface changes)
would help identify which mechanisms plausibly drive observed turning points. Second,
stronger causal designs could be pursued around discrete shocks or rollouts, using quasi-
experimental strategies (e.g., difference-in-differences around policy changes, staggered
adoption of support automation, or regional variation in logistics constraints). Third, richer
cross-channel triangulation, adding social media, call-center transcripts, or in-app support
chats, could test whether the same themes appear when incentives to complain differ.
Fourth, the escalation-failure mechanism merits dedicated study: future work could map
where automated support improves resolution versus where it produces “blocked access”
experiences, and which design choices reduce perceived unfairness. Finally, cross-country
replication would clarify which patterns are specific to the Turkish marketplace context
and which generalize to other platform ecosystems with different governance regimes and
consumer protection environments.

Cross-country comparative research would be especially valuable for testing how
patterns such as chatbot loops, blocked handoff, and ticket auto-closure vary across institu-
tional settings. These complaint patterns may differ in countries with stronger consumer
protection rules, clearer appeal rights, or lower and higher levels of AI adoption in cus-
tomer service. Such comparisons would help distinguish grievance structures that are
broadly general from those that are shaped more directly by national regulatory and
service environments.

8. Conclusions
This study examined 118,173 de-identified Turkish and English complaint texts from

Turkey’s e-commerce marketplace environment between 2019 and 2025 to address three
research questions. First, it identified a stable complaint architecture composed of 35 micro-
topics grouped into five macro-themes: Fulfillment Disruptions, Remediation Frictions,
Product Integrity Risks, Escalation Failures, and Governance Threats. Second, it showed
that complaint salience changed over time, with a marked shift toward Fulfillment Dis-
ruptions in 2020-04, rising Governance Threats after 2022-06, and increasing Escalation
Failures after 2023-02. Third, it showed that complaint profiles differ systematically across
marketplaces even after accounting for time and language composition.

The main contribution of the study is to show that marketplace trust is shaped not
only by delivery, refunds, or product integrity but also by what happens after failure. In
particular, the macro-theme of Escalation Failures emerges as a distinct grievance domain,
indicating that blocked or automated support can transform operational incidents into
broader judgments about fairness, accountability, and platform trust. More broadly, the
findings suggest that complaint texts can serve as an early warning signal of changing
consumer risk and trust narratives. At the same time, the results should be interpreted
within the limits of the data on voiced dissatisfaction, the source composition, the targeted
text selection, and observational inference. For managers and platform designers, these
findings point to plausible priorities for trust protection, including more reliable fulfillment
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and remediation, more credible escalation paths, stronger authenticity controls, and more
visible governance safeguards.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jtaer21040116/s1, Table S1: Stability diagnostics for the BERTopic
solution (k = 35); Table S2a: Language-stratified topic summaries and Turkish–English topic align-
ment; Table S2b: Topic-level alignment; Table S2c: Macro-theme distribution by language and
unadjusted statistical test; Table S2d: Adjusted language effect from multinomial logistic regression;
Table S3a: Full topic inventory (label, top terms, prevalence, and representative texts); Table S3b:
Representative complaints; Table S3c: Targeted manual review of texts assigned to the HDBSCAN
noise class; Table S3d: Condensed codebook for topic-to-macro-theme assignment; Table S4: Bilingual
automation-marker dictionary used for triangulation; Table S5: Monthly prevalence of automation
markers around 2023-02; Table S6: Pre–post tests for automation-marker prevalence (six-month
windows); Table S7: Source-type decomposition of major temporal shifts; Table S8: Temporal sen-
sitivity checks for macro-theme turning points; Table S9: Full multinomial regression reporting for
platform comparisons.
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