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Abstract

Purpose – This research analyzes online consumer reviews and ratings to assess e-retail order fulfillment
performance. The study aims to (1) identify consumer journey touchpoints in the order fulfillment process and
(2) determine their relative importance for the consumer experience.
Design/methodology/approach – Text mining and analytics were employed to examine over 100 m online
purchase orders, along with associated consumer reviews and ratings from Amazon US. Using natural
language processing techniques, the corpus of reviews was structured to pinpoint touchpoints related to order
fulfillment. Reviews were then classified according to their stance (either positive or negative) toward these
touchpoints. Finally, the classes were correlated with consumer rating, measured by the number of stars, to
determine the relative importance of each touchpoint.
Findings – The study reveals 12 touchpoints within the order fulfillment process, which are split into three
groups: delivery, packaging and returns. These touchpoints significantly influence star ratings: positive
experiences elevate them, while negative ones reduce them. The findings provide a quantifiable measure of
these effects, articulated in terms of star ratings, which directly reflect the influence of experiences on consumer
evaluations.
Research limitations/implications –The dataset utilized in this study is from the USmarket, which limits
the generalizability of the findings to other markets. Moreover, the novel methodology used to map and
quantify customer journey touchpoints requires further refinement.
Practical implications – In e-retail and logistics, comprehending touchpoints in the order fulfillment process
is pivotal. This understanding helps improve consumer interactions and enhance satisfaction. Such insights
not only drive higher conversion rates but also guide informed managerial decisions, particularly in service
development.
Originality/value – Drawing upon consumer-generated data, this research identifies a cohesive set of
touchpoints within the order fulfillment process and quantitatively evaluates their influence on consumer
experience using star ratings as a metric.

Keywords Customer journey, Consumer experience, Order fulfillment, Product reviews, Star rating, Delivery,

Packaging, Returns

Paper type Research paper

1. Introduction
Providing a superior consumer experience is a key factor in retail success (Lemon and
Verhoef, 2016). As a result, the growth of e-commerce has transformed the requirements
placed on logistics and operational capabilities. Nowadays, order fulfillment services
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increasingly focus on meeting consumers’ expectations in the transition toward consumer-
centric supply chainmanagement (Esper et al., 2021). This is because the performance of the
order fulfillment service mediates the consumers’ satisfaction with the whole retail
experience, translating into consumer loyalty. Lambert (1992, p. 18) indicated that “the
starting point in developing a logistics strategy must be a thorough understanding of final
customers’ requirements. Only then is it possible to determine the required performance of
firms throughout the supply chain.”To gain competitive advantage, there are opportunities
for actors in e-commerce to incorporate the consumer perspective in the evaluation and
design of order fulfillment services. This is increasingly possible as consumers generate
vast amounts of digital footprints during their online shopping and post-purchase
experiences. In e-retail, the multi-stage approach to consumer experience co-created by
multiple actors is referred to as the e-customer journey (Lemon and Verhoef, 2016;
Vakulenko et al., 2019).

An e-customer journey constitutes all the steps, decision-making occasions and various
types of responses a consumer goes through when making a purchase, including
interactions with the e-retailer and fulfillment providers. These customer journey nods are
referred to as touchpoints, which can be represented by service variables like delivery price,
delivery time, delivery points’ locations, delivery accuracy, return policies and delivery
speed (Mentzer et al., 2001; Rao et al., 2011a). From the moment of order placement,
consumers follow a chain of service events and decision-making nods (i.e. touchpoints) that
directly affect their (dis)satisfaction and relationship with the retailer and fulfillment
service provider. Traditionally, it has been challenging for e-retailers to gain
comprehensive insights into consumers’ delivery experiences, as fulfillment and logistics
services focused on operational service quality measures. From the academic perspective,
previous studies in consumer research in delivery experience have been largely based on
surveys. Their common drawbacks include a lack of insights into some consumer
experience dimensions, limited capacity to reflect the continuous experience perspective
(De Leeuw et al., 2012), potential data quality issues (Moy and Murphy, 2016) and reliance
on human informants (Spekl�e and Widener, 2017). The customer journey approach is a
comprehensive take on mapping and understanding consumers’ order fulfillment
experiences, which has the potential to identify and determine critical touchpoints for
order fulfillment services, specifically in combination with operational empirical data that
can capture a continuous nature of the consumer experience.

Using consumer data and feedback can greatly improve forecasting, inventory, delivery
and service design to meet consumer needs more effectively and enhance overall efficiency.
The growing importance of consumer experience is pushing managers and academics to
utilize new data sources and analytics to gain valuable insights. The spread and rapid
availability of online services and the ubiquity of technology have brought a stream of user-
generated data whose magnitude has increased immeasurably. A visible part of such
footprint exists in the form of electronic word-of-mouth (eWOM), such as star ratings and
consumer reviews, which are used by both retailers (Floyd et al., 2014) and consumers
(Mudambi and Schuff, 2010; Ngo-Ye and Sinha, 2014). Star ratings and reviews influence
purchasing decisions, as research shows their direct impact on sales (Floyd et al., 2014; Wang
et al., 2015) and product returns (Minnema et al., 2016), positioning them as performance
indicators and essential management tools. For consumers, online reviews have become an
indispensable tool to navigate in a retail space flooded with an overwhelming number of
choices. Depending on the region, 33%–75%of online shoppers find reviews helpful (Statista,
2024) and over 90% read reviews before making a purchase decision (Statista, 2021).
Moreover, products with an average star rating of four stars and above account for over 45%
of e-commerce site page traffic worldwide (Statista, 2022).

International
Journal of
Physical

Distribution &
Logistics

Management

559

Downloaded from ftp.​nowpublishers.​com/​ijpdlm/​article-pdf/​54/​6/​558/​9508955/​ijpdlm-11-2023-0434.​pdf by guest on 23 August 2026



This paper adopts a novel approach to understanding consumers’ needs and behavioral
responses through a theoretical lance of the customer journey in combination with natural
language processing techniques for big data analysis. The study examines e-consumer
feedback as a form of consumer-generated empirical data to test its suitability for evaluating
the order fulfillment performance in e-retail. The purpose and design of this study are
informed and motivated by the rise of consumer-centricity in logistics and supply-chain
management (Esper et al., 2021), the latest developments in natural language processing
techniques and the increasing availability of big datasets in the studied field. The study aims
to (1) identify order fulfillment touchpoints in the e-consumer journey and (2) determine their
relative importance for the consumer experience. To do that, the study adopts a big dataset
from a major online retail platform and text mining techniques.

2. Theoretical background
2.1 Order fulfillment process
Order fulfillment is an essential process in logistics and supply chain management and a
critical aspect of customer service. This process comprises generating, filling, processing,
delivering and servicing customer orders (Croxton, 2003;Waller et al., 1995). In other words, it
starts with the consumer placing an order and ends with the consumer (or customer)
receiving the ordered products or services. Shapiro et al. (1993) argue that through this
process, the consumer interacts with the firm, and therefore order fulfillment determines their
experience with the firm. From a management point of view, the order fulfillment process
overlaps several functional responsibilities and covers a series of operations (i.e. inventory
management, inventory storage, receiving orders, picking, packaging, shipping and returns
management). These crucial operations can turn order fulfillment into a competitive
advantage as an effective process ensures that consumers receive their orders accurately
(e.g. in the right quantity and in the right condition) and in a timely manner (Christopher,
2018; Taylor et al., 2019).

In e-retail, order fulfillment is an integrated part of the e-fulfillment process. This
process includes overall business strategy and website performance (Bagdare and Jain,
2013; Titiyal et al., 2019). An e-fulfillment is commonly characterized by business quality
(strategy, product, transaction and website quality), distribution (assortment width and
type and delivery time and area), last mile delivery (flexibility, reliability, information,
time and cost) and returns management (recovery strategy, return policy and consumers’
effort). This makes the operational dimensions of e-fulfillment a focal point for retailers
and logistics service providers. Notably, as a part of e-fulfillment, order fulfillment offers
managers a great opportunity to improve overall operations and the consumer
experience.

Effective fulfillment design and operations depend on integrating consumer insights to
optimize demand forecasting, inventory management, warehouse management and delivery
strategies, ensuring alignment with consumer needs. In demand forecasting, consumer
insights enable more accurate prediction in demand, thus reducing the risks of over- and
understocking and facilitating better inventory management (Schaer et al., 2019).
Furthermore, in inventory management, consumer feedback provides insights to enable
strategic inventory placement (i.e. to be closer to the consumer and prioritize inventory
location based on service cost and delivery distance), which is crucial in high demand
seasons. In warehouse management, consumer insights can support efficient algorithm
design for order packing and picking and in transport and delivery, consumer insights allow
strategic decision-making on service feature prioritization, such as cost, speed, location,
delivery mode and degree of the process transparency (Vakulenko et al., 2019). Finally, in
returns management, consumer experience insights can help establish a return policy and
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strategy that is more operationally and cost-efficient (Minnema et al., 2016). With the rising
need for understanding and managing consumer experience, drawn by its impact and
potential toward operations in order fulfillment and supply chain management in general,
managers and academics are turning toward new sources of data and data analytics to
extract knowledge from the petabytes of information consumers leave online (Erevelles
et al., 2016).

2.2 Customer journey touchpoints
A consumer-centric approach to operations and supply chain management is grounded in
the notion that operational capabilities and performance need to correspond to consumer
preferences, needs and experiences (Esper et al., 2021). It means that decisions and
performances in a supply chain, particularly in the order fulfillment process, affect
consumer experience, which directly impacts customer satisfaction and the brand image
and consequently, carries significant implications for businesses. To enhance the consumer
experience, businesses need to fully grasp the journey their customers go through. The
concept of the customer journey implies that the consumer experience is a continuous
process connected through past, present and future interactions, where each individual
experience can be split into pre-purchase, purchase and post-purchase stages (Lemon and
Verhoef, 2016). As consumers go through each stage of their journey, they encounter
various interactions, responses and decision-making instances, commonly referred to as
touchpoints, which translate into satisfaction or dissatisfaction. Customer journey
touchpoints can vary widely from a marketing campaign, website visit, store experience,
to a customer support call and are categorized into four groups: brand-owned, partner-
owned, customer-owned and the external sources (i.e. experience environment and
social nods).

Retail environments present numerous critical touchpoints, each playing a role in shaping
experiences that add up to how consumers make decisions and shape their behavior
(Baxendale et al., 2015; Verhoef et al., 2009). The e-commerce customer journey within the
control of retailers and logistics service providers can be distilled into clusters of touchpoints,
including marketing communication, web-shopping experiences, order delivery and returns.
Each cluster comprises various touchpoint categories that differ among retailers, the
products they offer, payment options, delivery services and other experiential aspects.
Fulfillment-related touchpoints have been studied to varying degrees and frequencies,
largely influenced by the advancements of the Logistics Service Quality (LSQ) and Physical
Distribution Service Quality (PDSQ) frameworks (Mentzer et al., 1989, 2001; Rao et al., 2014).
Traditional dimensions of these experiences include delivery price (Rao et al., 2011a), delivery
options, delivery speed (Andreji�c, 2019) and the range of delivery failures (Rao et al., 2011b).
Another significant set of touchpoints concerns the return experience, explored through
consumer research on return costs and policies (Duong et al., 2022). Notably, a broad body of
studies has examined consumer experience using a symptomatic approach, leveraging
operational data to understand consumer behavioral response to specific operational
touchpoints, such as return volumes, return frequencies, order characteristics and consumer
retention (Griffis et al., 2012; Shang et al., 2019). Additionally, other aspects of consumer
experience in retail, falling under the responsibility of fulfillment service providers, have not
been traditionally included or investigated as fulfillment experience touchpoints. Examples
include the brand image and the packaging experience (Joutsela et al., 2016). Specifically,
while packaging significantly impacts consumer experience through a range of packaging
features and performances (Dash, 2021), its role in shaping the perceived fulfillment
experience remains unclear.
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In the e-retail landscape, where the brand perception is blended with the retail function,
distinctions between brand-owned and partner-owned touchpoints become less clear
(Vakulenko et al., 2019). The use of third-party logistics and last-mile delivery partners are
instances of partner-owned touchpoints where e-retailers do not maintain full control.
Existing literature, such as Yu et al. (2015), shows that the choice of a delivery service
provider by an e-retailer influences customer satisfaction. However, few studies have
systematically identified the associated touchpoints and quantified their impact.
Consequently, many e-retailers and logistics service providers may not fully grasp the
profound impact that third-party logistics and last-mile delivery performance can have on
consumer experience.

2.3 Star ratings and reviews
The nature of rating and reviewing behavior is shaped by various psychological phenomena
(e.g. cautious and subconscious triggers that translate into needs, emotions and behavioral
impulses), social trends (e.g. consumption trends) and environmental/situational triggers (e.g.
service or product features) (Hern�andez-Ortega, 2018; Hoffart et al., 2019; Koh et al., 2010).
These factors are critical to how consumers perceive and respond to service offers and events,
how eWOM is perceived and utilized and which aspects are reflected in eWOM like ratings
and reviews (Chen andXie, 2008; Chevalier andMayzlin, 2006). This results in different rating
patterns, including how ratings affect purchases, the timing of consumer ratings, the
influence of positive and negative product and service features on ratings, rating distribution
and the impact on future purchases (Anderson and Simester, 2014; Hern�andez-Ortega, 2018;
Sunder et al., 2019).

Different stages of consumer interactions with eWOM, in the form of ratings and reviews,
can carry different theoretical connotations and explanations. The initial interaction stage,
where consumers receive and interpret information that later translates into purchasing
behavior and further eWOM communication, stems from the psychological and behavioral
processes that can be captured by Spence (1973) in signaling theory. Here, consumers seek to
resolve information asymmetry by gaining insights into a business’s offers through ratings
and reviews. Furthermore, by combining information from existing eWOM or entering the
e-retail experience solely with preformed needs, consumers benchmark their experiences
against expectations. This benchmarking process leads to different levels of satisfaction and
loyalty, explained by the confirmation–disconfirmation paradigm from cognitive dissonance
theory (Festinger, 1957) and the expectancy confirmation paradigm (Oliver, 1977). This
paradigm predicts customer satisfaction based on expectations and experiences, measuring
the difference as disconfirmation or cognitive dissonance. Negativity bias from psychology
can also help to explain consumer behavior. Negativity bias refers to the cognitive effect
where negative events and experiences have a greater impact on an individual’s thoughts,
feelings and behavior than positive ones (Rozin and Royzman, 2001). Customers are more
likely to remember and be influenced by negative experiences, leading to stronger and longer-
lasting impressions.While a positive bias also exists, it is generally weaker and requiresmore
repetition to influence behavior (Cacioppo et al., 1999; Peeters, 1991). Related to negativity
bias is the concept of loss aversion, which suggests that individuals usually prefer to avoid
losses rather than acquire equivalent gains (Kahneman and Tversky, 1979). In other words,
individuals derive more satisfaction from not losing something than from gaining something
of similar value. The negativity bias and loss aversion offer possible explanations for rating
and reviewing behaviors, where most consumer engagement is linked to noticing and
responding to the most positive and most negative product and service features.

User ratings influence purchase intention by affecting the perception of product quality
(Flanagin et al., 2014) and the actual purchasing decisions, as research shows their direct
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impact on sales (Floyd et al., 2014; Wang et al., 2015) and product returns (Minnema et al.,
2016), positioning them as performance indicators and essential management tools.
Furthermore, star ratings can be seen as an aggregate reflection of the consumers’ product
perception and its performance combined with the brand reputation, price and average score
of previous ratings (Engler et al., 2015). In practice, review systems result in an overall rating,
combining evaluations of products and related services (Bhatt et al., 2015). Integrating service
and product experiences in reviews, which can include reflections on e-service quality
components, such as website design, security, information quality or fulfillment, shows how
star ratings and reviews are a construct of multiple stages and touchpoints of consumer
experience. Therefore, star ratings and consumer reviews can be used in combination to
develop an in-depth understanding of the consumer’s journey.

3. Methodology
We conducted Exploratory Data Analysis (EDA) using text mining techniques to explore the
review dataset and identify key touchpoints. EDA is a crucial initial phase in the knowledge
discovery process, allowing scientists to explore unfamiliar data through a series of analysis
operations, such as filtering, aggregation and visualization (Milo and Somech, 2020), and
EDA should be seen as an integral part of statistical inference and model-building (Tukey,
1977). Our methodology followed the standard process for text mining studies (Antons et al.,
2020), which includes data gathering, text processing, content analysis and integration with
the study. We introduced the use of word trees in the exploratory phase to identify relevant
topics and patterns for constructing regular grammars for later classification as a means of
adopting the EDA research framework to this study. An overview of this process is
illustrated in Figure 1. The research employs text mining techniques to analyze online
consumer reviews and ratings to assess e-retail order fulfillment performance. Text mining
refers to techniques for transforming unstructured text data into structured data, enabling
the application of mathematical and statistical methods (Miner, 2012).

Figure 1.
Research process
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The dataset utilized for this study was obtained from the Amazon Customer Review Library,
a publicly available platform adhering to Amazon’s terms of use, from an international online
retail platform, Amazon US. The US was identified as a good fit for this investigation due to
its well-established and mature e-commerce market, coupled with the rapid expansion of its
logistics sector that provides highly competitive services to online retailers. Additionally, the
US e-retail market is distinguished by its long-standing practice of incorporating consumer
feedback through ratings and reviews. Given that Amazon US is a dominant actor in the US
e-commerce sector, with both its own retail platform and logistics operations, the insights
from the consumer ratings and reviews can provide a comprehensive examination.

The dataset includes consumer reviews, user ratings and retailer and product information
from 1995 to 2015. Despite being nearly a decade old, the dataset used in this study is
invaluable due to its unique characteristics, size and quality. Provided byAmazon, it remains
an unparalleled source of rich information, notable for being in the public domain.
Furthermore, utilizing this unique dataset allowed us to demonstrate the value of themethods
employed to extract information volunteered by consumers embedded within the reviews.
Consumers are invited to leave feedback upon delivery, allowing them to express their
opinions and describe their experiences regarding products purchased from Amazon.com.
Prior to the application of data mining methods, data preprocessing methods were used to
deal with the data imperfections, which often contain inconsistencies, redundancies or
superfluous information, rendering the low data quality for knowledge extraction (Garc�ıa
et al., 2016). Garc�ıa et al. (2016) noted that “data preprocessing is able to adapt the data to the
requirements posed by each data mining algorithm, enabling to process data that would be
unfeasible otherwise.”

3.1 Data preprocessing
We applied the classical steps of data preprocessing – data fusion, data cleaning and data
structuration (Tanasa and Trousse, 2004). In the data cleaning step, we removed faulty
entries, which included incorrect data types, incorrect numbers of fields or missing values.
Datasets in languages other than English were excluded, as were reviews of products
delivered digitally. Additionally, to avoid the problem of fraudulent reviews (Hu et al., 2012;
Wu et al., 2020), the study included only reviews from verified purchases, which excluded
about 20% of all reviews, resulting in a total of 100.7 m data entries. The number of reviews
per user was also controlled to prevent a skewing of the results due to non-representative
users. Duplicates were then eliminated, leaving 98.9 m reviews for analysis.

3.2 Content exploration and text mining
Text mining is a technique used to extract information from textual data, such as social
network feeds, emails, blogs, online forums, survey responses, corporate documents and
news (Gandomi andHaider, 2015). The information extraction techniques used in text mining
and natural language processing enable the retrieval of structured information from
unstructured textual data (Gandomi and Haider, 2015). We devised a method to detect and
classify information about order fulfillment that was buried within the product review
comments. The sequence of steps followed is shown in Figure 1, including the following steps:

Choosing base terms. An initial list of words referring to the order fulfillment process was
selected based on a review of studies and conceptual frameworks related to fulfillment,
delivery and return management in B2C e-retail. Guided by the Logistics Service Quality
(LSQ) and Physical Distribution Service Quality (PDSQ) frameworks (Mentzer et al., 1989,
2001; Rao et al., 2014), terms such as availability, timeliness, condition and accuracy were
considered. For product returns, terms like time, cost and effort were incorporated based on
the work by Janakiraman et al. (2016).
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Identifying synonyms. Synonyms for each base term were identified using tools such as
WordNet (Fellbaum, 1998; McCrae et al., 2020).

Parsing. The whole review corpus was sentence tokenized, that is, segmented into
sentences and words and parsed for sentences containing the keywords.

Building and inspecting word trees. The body of sentences found in the parsing step was
subsequently organized into word trees. Word trees are visual text summaries created using
syntax trees that aggregate sentences by their shared words and split those sentences into
branches at the points where they diverge (Nan and Cui, 2016). The size of the words or word
combinations in the word trees is displayed according to frequency, with their sizes being
proportional to their frequencies, as is done inword clouds. The interactive nature of theword
trees was utilized to navigate through the tree-like structure to identify and focus on the most
frequently appearing words and word combinations [1]. This method permitted efficient
detection of the types of comments made regarding the order fulfillment touchpoints within
the review comments as well as the manner in which they were expressed and their
grammatical structure. The expressions were collected and compiled into two categories:
positive order experiences and negative order experiences. Additionally, this process
facilitated the identification of new base terms, resulting in an iterative discovery process.

Developing regular grammars. The information gathered in the aforementioned step
served as the basis for constructing regular grammars and bag-of-words for each part-of-
speech. These regular grammars were later compiled as regular expressions, a general
pattern notation that allows the encoding of text patterns (Friedl, 2006). Using WordNet
(Fellbaum, 1998), synonyms were incorporated into the regular expressions, which, with the
use of spelling error corpora, also accounted for typical spelling mistakes. This procedure
enabled emulating word stemming without the need to edit the whole review corpus.

The specificity of the expressions of interest in this studymade regular expressions awell-
fitting tool to encode the patterns identified through the word trees. By using regular
expressions, tight control over the classified comments was possible since all expressions are
strictly defined, ensuring transparency with a well-defined set of search expressions and
avoiding the black-box nature and low accuracy of machine learning tools.

Besides the increased control over the search patterns, by not resorting to tools such as
part-of-speech (POS) tagging or machine-learned sentiment analysis, the analysis avoided
inaccuracies in word tagging and sentiment classification, which could result in
misclassifying comments or failing to classify them. This outcome is particularly true for
the texts under consideration, whose conversational nature entails a “lack of conventional
orthography, noise, linguistic errors, spelling inconsistencies, informal abbreviations, and
idiosyncratic style” (Meftah et al., 2018, p. 2821). A good example of such issues can be found
in thework of Gimpel et al. (2010), which showed how the accuracy of the Stanford POS tagger
trained on the Wall Street Journal drops from 97% accuracy in standard English to 85% in
tweets (Toutanova et al., 2003). State-of-the-art learned methods for POS tagging social
network texts perform at about 90%, which means one in ten words are misclassified (Goh
et al., 2022; Meftah et al., 2018), resulting in sentence accuracy varying from 57% to 23%
(Derczynski et al., 2013), with the latest state-of-the-art methods achieving sentence
accuracies of around 76% (Li et al., 2021). It is also worth noting that the high reported
accuracy of the best models was obtained from evaluations on theWall Street Journal section
of the Penn Treebank, the de facto standard for evaluating POS taggers and perform
significantly worse when used in out-of-domain, with accuracies decreasing to around 80%
across domains (Hansen and van der Goot, 2023). In a similar way, using sentiment analysis
for classifying the valence of comments, which is extremely context sensitive (Rambocas and
Pacheco, 2018), would carry accuracy costs when using pre-trained classifiers or entail the
same or more manual labor in annotating training data (Pandey et al., 2022) as crafting
regular expressions if building custom dictionaries, while still carrying the accuracy costs of
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POS tagging mentioned earlier. In the end, at the cost of more laborious work defining the
regular grammars and bag-of-words for each part-of-speech involved for each class, the
analysis procedure minimized the risk of misclassification (false positives), since regular
expressions are strict patterns, providing sampling large enough for high confidence levels
with small margins of error.

Classifying comments. Using the regular grammars, each comment underwent a scanning
to determine its classification within one of the touchpoint categories as well as its polarity,
whether positive or negative.

3.3 Comparative analysis
In this section, we use multivariate hypergeometric analysis to measure and compare the
effects of touchpoints on ratings. This analysis helps establish the strength of both negative
and positive experiences regarding each touchpoint and their relative importance.

Measurement of touchpoints’ effect. After classifying all the reviews, we conducted an
analysis to measure and compare the effects of the identified touchpoints on ratings. We
began by plotting and examining the rating distributions of both negatively and positively
classified reviews for each touchpoint. We then compared these observed distributions to the
expected distributions for random samples of the same size. Using multivariate
hypergeometric (MVHG) analysis (Bishop et al., 2007), we determined whether the
observed values were within expected values and could be attributed to randomness or if
the deviation fell outside any reasonable expectation. In the latter case, the difference
represents the size of the effect. Products with exclusively positive or negative reviews were
excluded, as there would be no contrasting reviews for comparison. Hence, the comparison
focused on products of the same kind that received both positive/negative and non-positive/
non-negative experiences.

Comparison of touchpoints’ effect. Once the effects were measured, we compared them to
investigate the relative weight and importance of the identified touchpoints on the star
ratings. Additionally, we tested the presence of these effects within each product category.

Significance test. To determine the significance of the observed patterns, the study
investigated if the over/underrepresentation in star ratings could be attributed to random
variation. The examination of the rating distribution utilized principles of discrete
multivariate hypergeometric distributions (MVHGD), as detailed in Appendix 1. Given the
extreme memory and computational demands of cumulative multivariate hypergeometric
calculations, we restricted the tests to over/underrepresentation of one and five-star ratings.
This approach provided a conservative upper bound for the p-values, yet it was still sufficient
to validate the effect’s existence beyond a reasonable doubt.

4. Results
The study identified 12 touchpoints within the order fulfillment process that impact
consumer experience. These touchpoints span three core categories – delivery, packaging
and returns (see Table 1). The star rating distribution for positively and negatively classified
reviews for each touchpoint is presented in Table 2. The results show that positive
experiences, including fast delivery, free returns and multiple delivery options, translate into
positive reviews and higher star ratings. In contrast, negative experiences, such as damaged
packages, misdelivered items and late deliveries, result in negative reviews and reduced
ratings. The p-values presented in Table 2 show that reviews classified as positive
significantly surpass the aggregate ratings across six touchpoints: delivery process, speed,
timeliness, options, cost and packaging. This highlights the critical role these touchpoints
play in enhancing customer satisfaction. In contrast, for delivery information, delivery
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Touchpoint
category Touchpoint Touchpoint definition Touchpoint description

Examples from online
reviews

Delivery Delivery process
(overall delivery
service experience)

Reviews have contained
non-detailed descriptions of
the delivery service
encounter

As a touchpoint, the delivery process refers to
the entire sequence of steps involved in
delivering the product to fulfill an order. A
positive delivery service experience is
efficient and can be characterized by timely
and speedy delivery, order accuracy, fair
price, availability of information about the
delivery and suitable delivery options as well
as minimized tractions throughout the
delivery process

good delivery, terrible delivery,
satisfied with the delivery, no
problems with the delivery, etc.

Delivery speed Consumers’ perception of
the delivery length

Consumers expect fast shipping options and
respond positively to shorter delivery times.
The delivery speed touchpoint is the
experiential node that refers to the actual
speed offered at the moment of order
placement, its consequential fulfillment and,
most importantly, the consumers’ perception
of the delivery speed

slow delivery, long shipment,
fast delivery service, etc.

Delivery cost Consumers’ perception of
delivery service price

Consumers are likely to consider the cost of
shipping when making purchasing decisions
and will refer to the value-for-price perception
when evaluating the delivery experience and
whether it is worth the price placed on the
service. Consumer perception of the delivery
price (or delivery cost) is a function of the
actual service price and the consumer’s
interpretation of the fairness/suitability of
that price

expensive delivery, have to pay
for shipment, freed shipment,
etc.

Delivery order
accuracy

Completeness and accuracy
of the order

Delivery order accuracy refers to the accuracy
of the order, including the correctness of the
item(s) (i.e. ensuring that the items placed in
the order were not replaced with other items
during delivery), the completeness of the
order (i.e. ensuring that all the items and their
parts from the order are not missing) and the
correct color and size of the ordered item.
Generally, potential issues are linked with the
process of order picking. However, some
cases are linked to the quality and reliability
of the presentation of the item on the website

wrong size, wrong color,
missing an item, etc.

Delivery
information

Information availability
during the delivery process

Delivery information represents consumers’
experience and perception of the availability
of necessary information during the delivery
process. The information outlet can take the
form of accurate order tracking, order
placement confirmation, delivery process
notifications and delivery confirmation.
Notably, an oversupply of delivery
information in the form of excessive
notifications can translate into a negative
experience and consumer dissatisfaction

provided confirmation, wrong
tracking number, tracking not
working, etc.

Delivery on time Fulfillment of the delivery
deadline

On time delivery represents consumers’
response to the fulfillment of the promised
delivery deadline (i.e. whether the order
arrived on time or was late based on the
promise at the time of order placement)

delivery came late, order came
earlier than promised, arrived
on time, etc.

Delivery options Availability of desirable
and/or multiple delivery
options

Delivery options, as an experience touchpoint,
refer to consumers’ (dis)satisfaction with the
provided delivery options. This can be based
on the number of available delivery options
(i.e. whether multiple options were provided
and/or whether there were enough delivery
options), the availability of fast delivery
options such as the same-day delivery or next-
day delivery and/or a common standard of
what is perceived as fast delivery.
Additionally, the availability of cheap or free
delivery options, the availability of the
desired delivery modes (e.g. home delivery,
office delivery, etc.) and the possibility to
choose a specific/alternative delivery address

good delivery, terrible delivery,
satisfied with the delivery, no
problems with the delivery, etc.

(continued )

Table 1.
Description of order

fulfillment touchpoints
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accuracy and all touchpoints concerning returns, there’s a noticeable decline in the overall
star rating, even for the reviews categorized as positive.

4.1 Distribution of customer ratings
Traditionally, customer ratings tend to follow a “J-shaped” distribution, where the bulk of
ratings typically cluster at the five-star level, with fewer ratings at each subsequent lower star
level and a slight increase in one-star ratings (Hu et al., 2009). Figure 2 depicts the normalized
rating distributions: overall ratings in gray, positive experiences in blue and negative
experiences in red. Notably, across all touchpoints, reviews classified as positive consistently
outperformed negative ones, with a higher prevalence of five-star ratings and fewer one-star
evaluations. Based on the distribution in customer ratings shown in Figure 2, the following
sub-sections delve into the distribution of ratings for touchpoints related to delivery,

Touchpoint
category Touchpoint Touchpoint definition Touchpoint description

Examples from online
reviews

Packaging Packaging Consumers’ packaging
perception and experience

Packaging, as a touchpoint, refers to the
consumer’s interaction with primary
packaging and, in some cases, secondary
packaging during the process of order
receiving, transportation to the point of
consumption and unpacking. This interaction
can be related to different packaging features,
such as the package being open or intact at
the moment of delivery, the quality of the
actual packaging, a general broad perception
of the packaging and, most frequently, the
package’s condition upon delivery (i.e.
whether it was damaged in any way)

slow delivery, long shipment,
fast delivery service, etc.

Return Return process
(overall return
service experience)

Non-detailed descriptions of
the return service encounter

As a touchpoint, the return process refers to
the entire sequence of steps involved in
returning the product. A positive return
service experience is efficient and can be
characterized by minimal effort, clarity of the
process, fair price and return policies as well
as minimized tractions throughout the return
process

expensive delivery, have to pay
for shipment, freed shipment,
etc.

Return cost Consumers’ perception of
the return price

The return cost touchpoint represents
consumers’ perception of the return cost/price
and the evaluation of the appropriateness of
that cost, whether free or falls within different
price ranges

wrong size, wrong color,
missing an item, etc.

Return effort Consumers’ perception of
the amount of effort required
to perform the return

Return effort represents consumers’
perception and evaluation of the amount of
effort required to return the order and how
appropriate this effort was. Naturally, a
return experience requiring a lot of effort
translates into consumer dissatisfaction. This
can be rooted in return instructions that are
hard to retrieve, return declarations, finding
and printing return labels for shipping,
waiting for and receiving reimbursements,
taking the order to the dedicated logistics
destination/hub and figuring out which
packaging can be used for shipment and how
to use it

provided confirmation, wrong
tracking number, tracking not
working, etc.

Return policy Consumers’ perception of
the return policy fairness

As a touchpoint, the return policy represents
consumers’ perception of its fairness,
suitability and clarity. The evaluations and
resulting content of the reviews are provided
by both returning consumers and consumers
who chose not to return the product due to an
unsuitable policy. These reviews can pertain
to return deadlines, return fees and other
conditions associated with the return rules

delivery came late, order came
earlier than promised, arrived
on time, etc.

Source(s): Table created by the authors’Table 1.
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Figure 2.
Rating distributions
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touchpoints
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packaging and returns, shedding light on their impact on both positive and negative
consumer experiences. Finally, the sub-section summarizes how the 12 order fulfillment
touchpoints influence star ratings.

4.1.1 Influence of delivery touchpoints on ratings. The study reveals seven essential
delivery touchpoints, demonstrating a correlation between the nature of delivery experiences
and subsequent consumer ratings. These touchpoints include the delivery process/procedure,
speed, timeliness, options, information, accuracy and cost. Consistency across all delivery
touchpoints is observed, with positive delivery experiences generally correlating with higher
star ratings, whereas negative delivery experiences are associated with lower ratings.
Notably, the touchpoints of delivery information and order accuracy show lower-than-

Figure 2.
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average five-star ratings for positive experiences and a significantly higher number of one-
star ratings for negative experiences (see Figure 2: e and f). This pattern suggests a critical
consumer emphasis on accurate and transparent delivery information, as well as the
precision of order fulfillment. The contrast in ratings, especially in one-star categories for
delivery information and order accuracy during negative experiences, i.e. the gap between the
average and negative experience, suggests an apparent consumer sensitivity to these specific
delivery touchpoints in order fulfillment.

4.1.2 Influence of packaging touchpoint on ratings. In the order fulfillment process,
packaging acts as a critical touchpoint, serving as the consumer’s first physical interaction
with the product and significantly shaping their perceptions of service quality and the
product’s intrinsic value. The fact that consumers mention their packaging experience in
their reviews is itself a strong indicator of its importance. The analysis shows a clear trend
where positive packaging experiences are frequently associated with an increase in ratings,
particularly five-star reviews, compared to the baseline (see Figure 2: h). Conversely, negative
packaging experiences tend to result in lower ratings. Traditionally, packaging has the
following basic functions – containment, protection, apportionment, unitization, information
communication and convenience (Robertson, 1990). Consumer comments typically reference
the condition of the primary or secondary packaging, emphasizing whether the package was
delivered in perfect condition or damaged. This feedback emphasizes the protective function
of packaging in e-commerce, influencing consumer experience positively or negatively.

4.1.3 Influence of return touchpoints on ratings. The study identifies four return-related
touchpoints: return process, return cost, return effort and return policy. The findings indicate
a consistent trend toward lower ratings in reviews that mention returns, regardless of
whether the return is perceived as positive or negative. Notably, any interaction with the
identified return touchpoints generally correlates with a decrease in the likelihood of
receiving high ratings – even in situations where the return experience was considered
positive. A negative return experience makes the loss of the five-star ratings even more
dramatic. Contrasting with the expected “J-shaped” distribution of ratings for products
without major experience defects, the data concerning return touchpoints suggest an
inversion of this pattern (Figure 2: i, j, k and l). This inversion is particularly evident in the
return cost and policy touchpoints. This pattern implies that consumers who engage in
returns are likely to have had a more negative experience than those who do not initiate
returns, culminating in lower star ratings. It is inferred that the return touchpoints do not
directly cause lower satisfaction; rather, they are correlated with underlying factors
triggering a return. Hence, consumers who typically interact with return touchpoints already
have a degree of dissatisfaction and a negative return experience exacerbates this
dissatisfaction, further diminishing the overall star ratings.

4.1.4 Influence of order fulfillment touchpoints on consumer experience. The 12 order
fulfillment touchpoints vary significantly in their impact on star ratings, indicating that each
touchpoint has a distinct influence on the overall consumer experience (see Figure 3). While a
positive experience generally leads to a better rating than a negative one, the specific degree
of influence each touchpoint has differs significantly. For instance, while a negative
packaging experience can reduce the overall rating by nearly 1.5 stars on average, a positive
packaging experience enhances it by approximately 0.2 stars.

Interestingly, a positive experience does not always translate to an increase in ratings.
In fact, for six order fulfillment touchpoints, a positive experience correlates with a decrease
in the average star rating. This counterintuitive finding can be explained by three underlying
causes. Firstly, Figure 3 shows average values. Since a positive experience that is already
given five stars cannot increase from this maximum value. Secondly, from a consumer
perspective, the act of returning a product can resonate negatively. A smooth return process
can mitigate this negative experience but, contrastingly, an unsatisfactory one can
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considerably diminish the rating. Finally, the multifaceted nature of star ratings captures
diverse touchpoints. Hence, a single reviewmight reflect a range of touchpoints, both positive
and negative. This is particularly evident for touchpoints like delivery information and order
accuracy, where positive experiences are often overshadowed by negative encounters with
other touchpoints (see examples in Table 3).

4.2 Significance test
To determine the significance of the observed patterns, the study investigated whether the
over- and underrepresentation in star ratings could be attributed to random variation. The
significance test reveals a consistent pattern across all touchpoints within the 26 product
categories, especially in cases with a substantial number of reviews. Examining the outcomes
detailed in Appendix 2, the relative significance of touchpoints remains relatively steady
across various product categories. Noteworthy positive influences on star ratings stem from
on-time delivery, positive delivery speed and positive packaging experiences. On the other
hand, the most noticeable negative impacts on star ratings arise from negative delivery cost,
negative order inaccuracy, negative packaging experience and all return-related touchpoints.
Particularly noticeable star rating declines are observed in negative delivery costs, negative
return costs and the negative return process. Specific categories, including but not limited to
grocery and gift cards, offer limited insights due to their smaller sample sizes.

5. Discussion
The study shows that order fulfillment touchpoints impact star ratings: a positive experience
increases the rating, while a negative experience decreases it. Theories in behavioral science

Touchpoint Product Rating Review

“Positive” delivery
information

“Brand” Women’s Trends
High Waisted Double Slits
Maxi Skirt

1 “Shirt fit VERY BIG!! The size must be off!! I’ll
definitely shop again. Great price and fast
service. I had tracking sent to my phone so I
tracked it the whole time”

“Positive” order
accuracy

“Brand” Women’s Grid
Printed Crop Pants

2 “These pants looked weird on me. The size was
correct but my legs are average length (I’m 506
for reference) but they were too long and the
shape at the hips around to the bottom was ill
fitted”

“Positive” return
cost

“Brand” Men’s Madison Cap
Toe Oxford

1 “The quality of this shoe is really bad. The
leather feels like cardboard, the tongue is held
on by some flimsy cloth, just flops around. They
would be trash after the first time worn.
Bargain basement shoes are better. They are
going right back. Thankfully Amazon has free
returns on them.”

“Positive” return
effort

2014 “Brand” Golf Flat Bill
Tour Fitted Golf Cap

2 “The hat was too big. Returning was easy, but I
was not able to get the size I needed after
returning”

“Positive” return
policy

“Brand” Silent Dog Whistle 1 “Absolutely useless. A waste of money. I
adjusted it to the right frequency but either my
dog is deaf or the think didn’t work. Because he
just sat there and looked at me as I blew and
blew. Luckily Amazon has a great return
policy”

Source(s): Table created by the authors

Table 3.
Positive touchpoints
encounter and negative
rating: review and
rating sample
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and psychology highlight that positive and negative events influence overall consumer
perceptions and behaviors differently (Rozin and Royzman, 2001). We adopt two of these
theories to discuss how positive and negative experiences of order fulfillment touchpoints
may affect consumer perceptions and behaviors differently and the implications of this for
e-retailers. Subsequently, we discuss the relative importance of different order fulfillment
touchpoints.

5.1 Implications of positive and negative star rating
Both negativity bias and loss aversion provide theoretical support for the results and help
interpret them in slightly different ways. Negativity bias means that consumers are more
likely to remember and be influenced by negative experiences, which results in stronger and
more durable impressions (Rozin and Royzman, 2001). Negativity bias indicates that a
negative experience in any order fulfillment touchpoint has a greater influence on star ratings
than a positive experience. Therefore, we conclude that it is more important to avoid negative
experiences than to exceed expectations. Accordingly, e-retailers should prioritize fully
understanding customer requirements to prevent negative experiences and receive better
reviews and star ratings. In line with that, previous studies have shown that better reviews
and ratings attract more consumers (Floyd et al., 2014).

Similarly, loss aversion suggests that individuals experience more satisfaction from not
losing something than from gaining something of similar value (Kahneman and Tversky,
1979). This implies that negative experiences are perceived as losses in the order fulfillment
process, and the pain of these losses is more intense than the pleasure of positive experiences.
This leads to a conclusion that it is vital to mitigate negative experiences to improve overall
consumer satisfaction. Companies that succeed in reducing negative experiences and
improving customer satisfaction are likely to have more loyal customers (Xu, 2020). This is
crucial for gaining a competitive advantage, as loyal customers often contribute to greater
profit and company value (Helgesen, 2006).

5.2 Relative importance of different touchpoints for consumer experience
The relative importance of different touchpoints, viewed through the lenses of negativity bias
and loss aversion, involves minimizing experiences, expressed through the red bars in
Figure 3, by avoiding or mitigating negative experiences. Ideally, the experiences expressed
through the red bars are eliminated while the ones represented by the blue bars (representing
the effects of positive experiences) remain. The maximum improvement potential for each
touchpoint is therefore the difference between the total effect on rating of the current practice
and the effect on rating from negative experiences. For example, if the e-retailer manages to
eliminate negative experiences related to the return cost touchpoint, many consumers may
still give a negative rating simply because they need to make a return. Figure 4 presents the
improvement potential of user ratings for the twelve touchpoints in our data.

All touchpoints in our study can be improved by eliminating negative experiences, but the
potential varies (Figure 4). By eliminating negative experiences, five touchpoints have the
potential to improve rating by more than one star: cost for deliveries and returns, packaging,
delivery order accuracy and return policy. To create a well-received order fulfillment process,
it seems most important for the e-retailer in this study to first improve practices that meet
consumer expectations for these five touchpoints. This means that the e-retailer should have
a clear and smooth return process and a thoroughly elaborated return policy, while the cost of
returning items should be perceived as low as possible (Nageswaran et al., 2020). Otherwise,
our results indicate that consumers are likely to lower their rating. The same logic applies to
delivery cost – the results indicate that it should be as low as possible to meet consumer
expectations. This corresponds to Ma (2017), who concluded that longer delivery times
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should include the shipping cost in a total price for the product, but for express shipping, a
separate charge can be displayed for consumers. To ensure that packaging meets consumer
expectations and to avoid a negative impact on ratings, our study showed that packaging
should be undamaged. It is also important to make sure that packaging is considered
sustainable or that it is not seen as excessive (Rausch et al., 2021).

Notably, it may be possible to work in parallel to improve the three touchpoint categories.
To achieve this, prioritization is required. For the e-retailer explored in this study, the
recommended order is presented in Figure 4. Here, delivery touchpointswith greater potential
can be selected to reduce delivery cost, provide accurate orders and offer clear delivery
information rather than to offer alternative delivery options or faster deliveries. For returns,
the most influence on star rating comes from cost, policy and process of returns. Finally, the
packaging touchpoint should be addressed, as it has many negative experiences and the
second most improvement potential on star rating in our study.

5.3 Consumer feedback in managing logistics
This study demonstrates that integrating consumer feedback into logistics and supply chain
management is essential for enhancing e-retailer performance. Scholars have previously
argued that incorporating aspects of consumer experience and feedback into the design of
operations can lead to improved customer satisfaction and loyalty (Xu, 2020), enhanced
brand reputation (Choi and Burnham, 2020) and more streamlined supply chain processes
(Esper et al., 2021). Specifically, the findings highlight that the consumer experience of the
order fulfillment process contributes significantly to their overall e-retail experience. This
implies that understanding and utilizing consumer feedback to guide decision-making in
logistics and supply chain management can enhance overall operational effectiveness and
customer satisfaction. In practice, managers who gain insights into consumer experiences,

Figure 4.
Absolute difference
between the positive
and negative relative
effects of touchpoints
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particularly through systematic analysis of eWOM, can effectively tailor their strategies to
meet customer needs. Positive consumer feedback often indicates successful practices that
should be continued or expanded, while negative feedback provides invaluable insights into
potential bottlenecks, operational inefficiencies and areas for improvement.

6. Conclusions
The study demonstrates key consumer journey touchpoints in e-retail order fulfillment and
shows their significant impact on the overall consumer experience as well as their effect on
how consumers evaluate products or services through ratings and reviews serving as a proxy
for consumer satisfaction.

6.1 Managerial implications
This research offers valuable insights for managerial decision-making in e-retail and
logistics. Each of the 12 touchpoints in the order fulfillment process represents an
opportunity to shape the overall consumer experience, thereby influencing customer
satisfaction, loyalty, and ultimately, the business’s bottom line. By pinpointing these specific
touchpoints, logistics and supply chain managers can concentrate more effectively on
enhancing interactions directly associated with the delivery, packaging and management of
product returns. In practice, this translates into a series of actionable takeaways for
managers. First, identify the critical touchpoints that have the most significant impact on the
consumer experience, both positively and negatively. Second, mitigating and addressing the
root causes for the negative experiences in the high-impact touchpoints. Complementary to
the second step, enhancing touchpoints that generate positive consumer experience to further
boost customer satisfaction. To achieve a balanced and impactful improvement strategy,
managers need to align cross-functional efforts and resources toward addressing the key
touchpoints that cause dissatisfaction while reinforcing touchpoints resulting in positive
experiences.

In addition to these operational aspects, the strategic utilization of consumer feedback,
especially in the form of reviews and ratings, stands as a key implication of this study.
Traditionally viewed as a means for consumer communication and trust-building, these data
sources are now recognized as providing deep insights into the efficiency and effectiveness of
the order fulfillment process. For example, by analyzing customer feedback using predictive
models, businesses can proactively identify and address barriers or pain points in the order
fulfillment journey, thus enhancing service quality and customer satisfaction. This proactive
problem-solving capability to identify service design and performance issues is invaluable,
offering businesses opportunities to foresee potential issues based on past feedback and take
preemptive measures. This is particularly valuable for e-retailers who outsource their
fulfillment operations, as it significantly enhances transparency and informs strategic
decision-making. Effective utilization of consumer feedback not only assists in addressing
performance gaps but also helps in tailoring services to the diverse and evolving needs of
various consumer groups. For example, offering premiumdelivery options and packaging for
high-value customers or providing a more lenient return policy for loyal customers.

6.2 Theoretical implications
This study advances theoretical understanding in both logistics and marketing by refining
existing frameworks and introducing new dimensions to service quality from a consumer-
centric perspective. It extends existing Logistics Service Quality (LSQ) and Physical
Distribution Service Quality (PDSQ) frameworks (Mentzer et al., 1989, 2001) by validating
established measurements of logistics service quality in relation to fulfillment service (Rao
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et al., 2011a; Xing et al., 2010). Furthermore, it broadens the theoretical understanding of
customer service in e-fulfillment and order fulfillment (Bressolles and Lang, 2019; Titiyal
et al., 2019). The established LSQ and PDSQ models, which traditionally focus on complex
constructs like service convenience, quality, customer satisfaction and loyalty, are now
being re-examined due to changes in retail logistics driven by digitalization, sustainable
development and a shift toward consumer-centricity. This study addresses this need by
identifying critical order fulfillment touchpoints that have been overlooked in traditional
LSQ and PDSQ measurements (e.g. packaging experience) and demonstrating their
quantifiable impact on consumer experience. Essentially, the study expands previous
frameworks to include contemporary consumer experiences and preferences, which have
significantly evolved in recent years, along with the analytical data techniques used for
measurement.

The findings foster an integration of marketing and logistics perspectives, underscoring
the significance of eWOM for service design and operations management. This is
corroborated by the statistically significant volume of data analyzed, allowing reliable
assumptions to be drawn about the order fulfillment service quality. Moreover, the results
offer a systemic text mining method for the measurement and quantification of the effect of
order fulfillment on online reviews and ratings. With that, the study offers significant
implications for the fields of marketing and retail by providing novel, quantifiable data on
critical touchpoints in the customer journey and highlights the role of eWOM as a proxy for
measuring touchpoints. It reinterprets product ratings and reviews as comprehensive
indicators of consumer experience rather than just sources of product value perception. The
analysis of eWOM data supports and enhances marketing strategies and methods for
utilizing consumer-generated data, integrating marketing and logistics perspectives.

6.3 Limitations and future research
The study design and findings feature limitations and simultaneously pave the way for
further research. First, this study adopts a novel approach to mapping and quantifying
customer journey touchpoints, which has not been done previously. This methodological
novelty in utilizing consumer-generated data and text mining for fulfillment service
performance measurement calls for further tests to advance and perfect the analytical
approaches. From the findings’ quality perspective, this limits the reliability of the list of the
identified touchpoints and the interpretation of the results. Second, the values produced
through effect measurements are not universally generalizable to other contexts, limiting the
validity of the findings in a broad e-commerce context. Similarly, the list of touchpoints is
potentially extended in the current experiences of Amazon consumers. We assume that the
effect of the identified touchpoints on online user ratings and reviews may vary across
different markets and time periods and calls for further investigations and testing.
Furthermore, future research should examine how processes and policies should be designed
to fulfill consumer expectations regarding individual touchpoints and their groups.

The data utilized in this study did not include consumer features, but previous studies
show that different consumer groups rate services differently. We can assume that, based on
previous scientific evidence (e.g. Sunder et al., 2019) and the consistency of the main effect,
some touchpoints’ relative importance remains unchanged for different consumer groups,
whereas others may differ. In our sample, delivery cost, delivery order accuracy and all
aspects related to packaging and returns tend to have the highest absolute values. However,
future research should examine the relationships among order fulfillment touchpoints and
their relative importance for different consumer groups in detail. Similarly, our study noted
different impacts of product categories on the relative importance of the order fulfillment
touchpoints. Future research should examine these differences in detail.
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Notes

1. Examples of word trees: root words “delivery” and “shipment” in sub-datasets product category
“toys”
“Delivery” https://the-impact-of-order-fulfilment-on-consumer-experience.readthedocs.io/en/

latest/wordtrees/delivery.html
“Shipment” https://the-impact-of-order-fulfilment-on-consumer-experience.readthedocs.io/en/

latest/wordtrees/shipment.html
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Appendix 1
MVHGD in rating analysis.
The probabilities for the rating distribution of a randomly drawn sample, without replacement, from the
total review population are described by discrete multivariate hypergeometric distributions (MVHGD).
In a population of m star-rated reviews, of which m1 are one-star reviews, m2 are two-star reviews,

� � � ;m5 are five-star reviews, with
P5

i¼1mi ¼ m, a sample of size nwill have probability mass function
(Bishop et al., 2007).

Pðn1; n2; � � � ; nkÞ ¼

Yk

i¼1

�
mi

ni

�
�
m

n

� (1)

mean

μ ¼
�nm1

m
;
nm2

m
; � � � ; nmk

m

�
(2)

and standard deviation

σ2 ¼
� nðm� nÞ
m2ðm� 1Þm1ðm�m1Þ; � � � ; nðm� nÞ

m2ðm� 1Þmkðm�mkÞ
�
: (3)

The hypergeometric test measures the statistical significance of a drawn sample having a specific
number of occurrences nj, and for the case of over/under-representation of successes in a sample, the
hypergeometric p-value is the probability of randomly drawing more/less occurrences from the
population in m total draws, i.e.

p ¼ Pðn1; ni > zi � � � ; nkÞ;
or

p ¼ Pðn1; ni < zi � � � ; nkÞ;
where z1 in a positive integer less for one or more i∈ k.
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Appendix 2
Order fulfillment touchpoint quantification via user star ratings
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