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Abstract
Customer reviews from digital platforms are a vital data resource for recommender and other decision support systems. The 
performance of these systems is highly dependent on the quality of the underlying data—particularly its currency. Existing 
metrics for assessing the currency of customer reviews are often based solely on data age. They do not consider that customer 
reviews can be outdated with respect to one aspect (e.g., guest room after renovation) while still being up-to-date with respect 
to others (e.g., location). Moreover, they disregard that customer reviews can only become outdated due to state changes of 
the corresponding item (e.g., renovation), which are associated with uncertainty. We propose a probability-based metric for 
the aspect-based currency of customer reviews. The values of the metric represent the probability that information in a set 
of customer reviews is still up-to-date. Our evaluation on a large TripAdvisor dataset shows that the values of the metric are 
reliable and discriminate well between up-to-date and outdated data, paving the way for data quality-aware decision-making 
based on customer reviews.
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Introduction

Today, a large and growing number of customer reviews are 
available for all kinds of products and services (i.e., items) 
on many different digital platforms (Yin et al., 2014). For 
example, the travel-based platform TripAdvisor boasts over 
one billion customer reviews covering more than eight mil-
lion restaurants, hotels, attractions, and experiences (Tri-
pAdvisor, 2022). This wealth of information, feedback 

directly from customers who have experienced these items 
(Brand et al., 2022; Chen, 2023), makes customer reviews 
one of the most important data sources in e-commerce 
(Hung et al., 2024). This is especially true for data-driven 
decision-making, for example, supported by decision sup-
port systems or data analytics methods (Sun et al., 2022; 
Sysko-Romańczuk et al., 2022). However, all these applica-
tions require high-quality data in order to provide viable 
results (Elgendy et al., 2022; Heinrich et al., 2021). In par-
ticular, numerous studies underscore the importance of data 
currency (i.e., whether data still corresponds to its coun-
terparts in the real world) for the performance of decision 
support systems and data analytics methods (Abraham et al., 
2023; Hägele et al., 2024; Holstein et al., 2023; Hristova, 
2014). Consequently, customer reviews need to be up-to-date 
to strengthen decision-making quality (Hägele et al., 2024; 
Heinrich & Hristova, 2016; McKinney et al., 2002). How-
ever, the creation of customer reviews is largely unmonitored 
(i.e., with little or no quality oversight), allowing anyone 
to contribute without major barriers (Dhar & Bose, 2022). 
Furthermore, the creators of customer reviews often fail 
to update their reviews (Fitchett & Hoogendoorn, 2019). 
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This may be due to a lack of motivation on the part of the 
authors or a lack of functionality of the review platform to 
update a review (Jin et al., 2014). Another reason may be 
that the authors do not recognize when their reviews become 
outdated (e.g., if a hotel renovates its rooms, a past guest 
would only become aware of this when revisiting the hotel) 
(Yakubu & Kwong, 2021). Therefore, on the one hand, 
maintaining a high level of data quality and especially cur-
rency in the context of customer reviews is very challenging. 
On the other hand, a well-founded method for assessing the 
currency of customer reviews is needed as the basis for any 
targeted data quality improvement effort (Heinrich & Klier, 
2015; Heinrich et al., 2018).

To address this challenge, the assessment of currency can 
draw on the fact that customer reviews can only become 
outdated if the state of the corresponding item in the real 
world changes. For example, a hotel that renovates its guest 
rooms changes its state, and customer reviews that describe 
the rooms as old and run-down (which was true when the 
reviews were created) become outdated. This example also 
highlights that state changes can be attributed to certain 
aspects of the item (e.g., the aspect guest rooms in the case 
of a renovation). In this sense, customer reviews may be 
up-to-date with respect to certain aspects, while being out-
dated with respect to others (e.g., the renovation may change 
the state of the guest rooms, while not affecting the state 
of other aspects such as food or location). In the follow-
ing, we refer to such changes as aspect-based state changes, 
because they change the state of the corresponding item in 
a particular aspect such that the information associated with 
that aspect in the customer reviews is outdated. Yet, existing 
approaches for assessing the currency of customer reviews 
neglect (aspect-based) state changes and use only simple 
features such as the time since a customer review was cre-
ated (i.e., their “age”). While, in general, the age of data 
can indeed influence the performance of data-driven models 
and the resulting decisions (Lazaridou et al., 2021; Raza 
and Ding, 2022), findings regarding customer review-based 
decision support systems, such as recommender systems, 
are mixed. Some studies indicate that recommender system 
performance improves when trained on recent customer 
reviews only (Verachtert et al., 2022), while other studies 
suggest that even older reviews can enhance recommender 
system performance (Zheng & Ip, 2013). These contradic-
tory results highlight that the time since creation alone is 
not a sufficient indicator of the true currency of customer 
reviews. In particular, reviews with a low age might be 
assumed to be up-to-date, regardless of whether there has 
been a respective state change. Vice versa, older reviews 
might be considered outdated even if no such state change 
has occurred. In addition, basing the assessment of currency 
on age alone does not allow for a fine-grained identification 
of actually outdated or up-to-date passages (i.e., a whole 

customer review is declared outdated even if only individual 
aspects are outdated). For example, a hotel review may still 
be up-to-date concerning the location but outdated regarding 
room quality.

Therefore, it is important to assess the currency of cus-
tomer reviews based on aspect-based state changes. Indeed, 
it has been shown that considering the currency of customer 
reviews in an aspect-based manner can lead to significantly 
better decision-making quality (Hägele et al., 2024). In prac-
tice, not assessing (aspect-based) currency is problematic 
in many respects. For example, a customer who prioritizes 
room quality might not receive a recommendation for a 
recently renovated hotel because only a few reviews reflect 
the renovation. As a result, the user may book a less suitable 
hotel or none at all, leading to suboptimal outcomes for eve-
ryone involved. The hotel loses a potential guest, while the 
customer misses out on a better experience and may settle 
for a less favorable one—or none. This, in turn, negatively 
impacts the customer’s perception of the platform, lowering 
customer satisfaction and potentially harming the platform’s 
reputation.

Therefore, we aim to make a Design Science Research 
(DSR) contribution by answering the research question “how 
to design a probability-based metric for assessing currency 
of customer reviews that accounts for aspect-based state 
changes.” Specifically, we design and evaluate a new method 
to assess the currency of customer reviews (on an aspect 
level). Thereby, on the one hand, we provide a methodologi-
cal contribution to data quality, which “has been a central 
IS research topic for decades” (Padmanabhan et al., 2022, p. 
vii) and whose importance is constantly emphasized in the IS 
literature (cf. e.g., Abraham et al., 2023; Peng et al., 2023). 
On the other hand, we contribute to the ongoing debate on 
the benefits of customer reviews for digital platforms as one 
of the most prominent examples of user-generated content 
and a core component of digital platforms (cf. e.g., Brand 
et al., 2022; Wrabel et al., 2022). Indeed, customer reviews 
often serve as a data basis for recommender systems, where 
it has already been shown that high data quality is important 
to achieve high performance (Heinrich et al., 2021).

Our proposed novel metric for the aspect-based currency 
of customer reviews based on the identification of aspect-
based state changes. Hereby, it is not known with certainty 
if, when, and how often aspect-based state changes occur, 
as explicit data in this regard is typically not available. We 
argue that the principles and the knowledge base of prob-
ability theory are adequate and valuable, providing well-
founded methods for describing and analyzing such situa-
tions under uncertainty. Thus, we develop our aspect-based, 
state change-driven metric based on probability theory. The 
metric values can be defined unambiguously and are inter-
pretable as probabilities (Klier et al., 2021). Moreover, they 
can support decision-making, for example, by integrating 
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them into expected value calculus (Heinrich & Klier, 2015). 
We demonstrate the applicability of our metric and evaluate 
its values in terms of reliability and ability to discriminate 
between up-to-date and outdated customer reviews. Focusing 
on the guest rooms aspect, we use a large real-world dataset 
of over three million customer reviews for 1500 hotels from 
the 50 largest cities in the USA of the platform TripAdvisor. 
The results of the evaluation show that the metric values are 
reliable and allow a clear discrimination between up-to-date 
and outdated customer reviews.

The remainder of the paper is organized following the 
publication schema proposed by Gregor and Hevner (2013). 
Specifically, after illustrating the problem context in the 
next section, we provide an overview of the background 
and prior works. Then, we develop a novel aspect-based, 
state change-driven currency metric for customer reviews. 
We instantiate our metric using a large real-world dataset 
from TripAdvisor and evaluate the metric values in terms 
of reliability and ability to discriminate between up-to-date 
and outdated instances. Afterwards, we discuss implications 
for theory and practice, reflect on limitations, and provide 
an outlook for future research. Finally, we conclude with a 
brief summary.

Problem context

A customer review is a textual and/or numerical evaluation 
of an item by someone who has previously purchased, vis-
ited, or used the item usually published on a digital plat-
form (Biswas et al., 2022). These evaluations help mitigate 
the information asymmetry between item providers and 
customers (Hossain et al., 2022). Anyone can create cus-
tomer reviews without major barriers, and there are few 
restrictions on the style or format of the text (Mudambi & 
Schuff, 2010). This results in a large number of customer 
reviews with a wealth of information about the correspond-
ing item, which can serve as a valuable data resource for 
data-driven decision-making (Shen et al., 2015; Sun et al., 
2022; Sysko-Romańczuk et al., 2022). A prime example 
are recommender systems, which address the problem of 
customer information overload on e-commerce platforms 

(Lowin et al., 2023), leading to increased revenues (Bawack 
et al., 2022) and higher customer satisfaction (Hanafizadeh 
et al., 2021; Lu et al., 2015). In addition, platforms and item 
providers can benefit from the information contained in cus-
tomer reviews—for example, by using data analytics meth-
ods such as machine learning (Bawack et al., 2022). Thereby, 
the currency of customer reviews is of great importance, 
as outdated data can lead to incorrect conclusions (Bayrak-
tarov et al., 2019; Sadiq & Indulska, 2017). In particular, 
decision support systems such as recommender systems and 
data analytics tasks (e.g., application of machine learning 
algorithms) that use customer reviews as input data perform 
poorly if the data is not up-to-date (Birkbeck et al., 2022; 
Ferencek & Kljajić Borštnar, 2020; Lu et al., 2015). Thus, to 
leverage the benefits of customer reviews for recommender 
systems and data analytics, it is crucial that the informa-
tion contained in customer reviews reflects the current state 
of the item in the real world. However, it is challenging to 
ensure high quality and especially currency, as a manual 
assessment is not economically feasible due to the sheer 
number of customer reviews (Paul et al., 2017). We further 
illustrate our problem context by introducing an example 
in the form of a set of customer reviews for a hotel with an 
exemplarily focus on the aspect guest rooms (cf. Table 1).

Based on the first three customer reviews, a recommender 
system would typically not suggest this hotel to a customer 
with a preference for modern guest rooms. This follows 
the intuition that the ratings for the rooms are low and the 
respective polarities in the review texts are mostly negative, 
informing about run-down rooms with old furniture. Since 
January, however, the reviews show a different picture. In 
fact, these reviews indicate a recent renovation. As a result, 
the rooms are no longer run-down, but stylish and attractive. 
This is reflected in the latest room ratings and texts only. 
Therefore, the customer reviews created before the reno-
vation may hinder informed decision-making and lead to 
reduced performance in data analytics tasks that reflect out-
dated facts (i.e., they describe an outdated state of the rooms 
that is no longer up-to-date as the renovation has changed 
the state of the rooms).

Therefore, assessing the currency of customer reviews is 
of particular importance. In order to base this assessment on 

Table 1  Illustrative example of 
the problem context

Review No Timestamp Excerpt from customer review Room rating

Review 1 23.07.2023 “[…] but the rooms are outdated […]” 2
Review 2 28.07.2023 “[…] my room was old with broken furnishing […]” 2
Review 3 11.08.2023 “[…] rooms are comfy but need refurbishment.” 3
… … … …
Review 94 02.04.2024 “Modern and stylish room design!” 4
Review 95 18.04.2024 “[…] awesome newly renovated rooms […]” 5
Review 96 23.04.2024 “[…] the rooms were nice […]” 4
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a well-founded definition of currency in our context, we draw 
on the general interpretation of currency as one dimension 
(along with, for example, accuracy and completeness) of the 
multidimensional construct of data quality (Chengalur-Smith 
et al., 1999; Lee et al., 2002; Redman, 1997). Currency meas-
ures whether data in an information system is up-to-date, i.e., 
whether the data in the information system still corresponds 
to its counterparts in the real world (Heinrich & Klier, 2015; 
Nelson et al., 2005; Redman, 1997). In this vein, we define 
customer reviews as up-to-date if the information contained 
still reflects the current state of the corresponding product or 
service in the real world. More precisely, customer reviews 
are outdated with respect to an aspect if the state of this aspect 
has changed in the real world and vice versa. In the illustrative 
example, it is obvious that the given set of customer reviews 
is no longer up-to-date with respect to the aspect guest rooms 
since it contains reviews that do not reflect the current state 
of the rooms. Nonetheless, the set of reviews may still be up-
to-date with respect to other aspects mentioned, such as the 
location of the hotel or the food in the hotel’s restaurant, if 
no state changes have occurred with respect to these aspects. 
Thus, we aim for an aspect-based assessment of the currency 
of customer reviews, since customer reviews may reflect the 
current state of the real world with respect to one aspect while 
being outdated with respect to another aspect. Indeed, identi-
fying the occurrence of aspect-based state changes is crucial 
for assessing the aspect-based currency of customer reviews. 
However, it is usually not known if, when, or how often such 
aspect-based state changes occur, since respective explicit data 
is typically missing. Moreover, such state changes cannot be 
expected to occur with predictable regularity. Thus, the assess-
ment of currency is tied to the uncertainty associated with 
the occurrence of aspect-based state changes. Situations that 
involve uncertainty can be effectively analyzed using methods 
that rely on the principles and knowledge base of probability 
theory (Grimaldi et al., 2023). Additionally, data quality met-
ric values representing probabilities offer numerous benefits 
(Heinrich & Klier, 2015). For example, they have a measur-
able unit, are interval-scaled, and can be used for calculating 
expected values. Therefore, our goal in developing a metric for 
the aspect-based currency of customer reviews is to base it on 
probability theory and thus provide an indication rather than 
a verified (binary) statement under certainty. In particular, the 
values of our metric are intended to represent the probability 
that the information associated with an aspect in a set of cus-
tomer reviews is still up-to-date.

Background and related work

In this section, we describe prior prescriptive knowledge 
and existing artifacts in the context of data quality and cur-
rency for unstructured data and especially customer reviews. 

Indeed, there have been significant contributions to the 
assessment of data quality for structured data (Batini et al., 
2011; Lee et al., 2002; Pipino et al., 2002) and some initial 
efforts for unstructured data (Immonen et al., 2015; Kiefer, 
2016, 2019). However, in the context of customer reviews, 
there is still a lack of research on assessing data quality in 
general and currency in particular. While approaches for 
assessing the currency of structured data are not directly 
applicable to customer reviews due to their unstructured 
nature, they can still provide valuable starting points for 
developing respective metrics. Against this background, in 
this section, we first discuss works regarding the currency of 
both structured and unstructured data. In particular, we focus 
on ideas that can serve as starting points for developing a 
metric for currency of customer reviews. We then provide 
an overview of existing works on assessing the data quality 
of customer reviews in general and currency in particular.

Regarding the assessment of currency of structured data, 
two of the most notable contributions have been made by 
Ballou et al. (1998) and Even et al. (2010). They model cur-
rency (referred to as timeliness by the authors) based on the 
age (at the instant of assessing currency), a given shelf life 
of a structured data attribute, and a sensitivity parameter to 
adapt the metric to the context of the application. To over-
come the weakness that not all attributes have a predeter-
mined shelf life, in recent years, probability-based metrics 
have emerged as a promising avenue for measuring currency. 
For example, based on the assumption that the shelf life fol-
lows an exponential distribution (Heinrich & Klier, 2011) 
or by modeling currency with Markov chains (Wechsler & 
Even, 2012). Another approach is to incorporate conditional 
expectations and additional metadata into the calculation 
of the metric values (Heinrich & Klier, 2015). Probability-
based metrics have the advantage that their values are inter-
val-scaled and interpretable (Heinrich & Klier, 2009, 2015). 
Despite their advantages and their potential to automatically 
assess the currency of structured data, all these approaches 
are defined for structured data with separate attributes that 
are not available in unstructured data, such as customer 
reviews. As a result, they cannot be directly applied to cus-
tomer reviews. Nevertheless, the concept of an automated, 
probability-based metric that provides interpretable results 
seems promising and may be adapted in the context of cus-
tomer reviews as well.

The literature also provides initial contributions regarding 
the assessment of the currency of unstructured data (Batini 
& Scannapieco, 2016; Firmani et al., 2016; Hao et al., 2020; 
Shah et al., 2015; Zhu & Gauch, 2000). For example, when 
assessing the currency of big data environments (Firmani 
et al., 2016), knowledge bases (Shah et al., 2015), and web-
sites (Zhu & Gauch, 2000), currency is often represented 
by the time since the last update (Batini & Scannapieco, 
2016). The advantage of the time since the last update as an 



Electronic Markets           (2025) 35:10  Page 5 of 18    10 

indicator for currency is that it is available for many applica-
tions of unstructured data in general and customer reviews 
in particular. However, in the context of customer reviews 
containing different aspects, the time since the last update 
is problematic as a sole currency indicator, since customer 
reviews can still be up-to-date with respect to certain aspects 
while being outdated with respect to others. In addition, 
aspect-based state changes, such as major renovations, do 
not occur with predictable regularity. Therefore, a metric 
based on the time since the last update cannot account for 
the uncertainty of these aspect-based state changes.

In the literature on customer reviews, data quality is often 
associated with the helpfulness of a review (Almagrabi et al., 
2015), e.g., by measuring the proportion of helpful votes it 
receives (Chua & Banerjee, 2016). As a result, many stud-
ies focus on automatically determining the helpfulness of 
customer reviews and investigating the impact of different 
features of customer reviews on their helpfulness (Alma-
grabi et al., 2015). To estimate the helpfulness of customer 
reviews, some researchers use regression models to calcu-
late a helpfulness score between zero and one (Kim et al., 
2006; Lee & Choeh, 2014; Zhang & Varadarajan, 2006), 
while others use classifiers to determine whether a review is 
helpful or not (Ghose & Ipeirotis, 2011; Hong et al., 2012; 
Malik & Hussain, 2017). Although these approaches can 
accurately predict the helpfulness of customer reviews based 
on features such as review length, number of spelling errors, 
and subjectivity scores, they do not account for data quality 
as a multidimensional construct, nor do they account for 
currency in particular. In addition, the helpfulness of cus-
tomer reviews is not differentiated for different aspects of an 
item. Therefore, approaches that focus on the helpfulness of 
customer reviews cannot identify quality issues related to 
specific dimensions, such as currency, nor can they identify 
data quality issues related to specific aspects of the item.

Despite the importance of the currency of customer 
reviews for data-driven decision-making, only very few 
researchers have addressed the automatic assessment of 
currency of customer reviews. They also rely on age, either 
measured in days since the review was created (Meng et al., 
2021) or as the number of days between the customer review 
and the first customer review created, to assess the currency 
of customer reviews (Chen & Tseng, 2011). However, nei-
ther the information that a review was created a certain num-
ber of days after the first review nor the information that a 
customer review was created a certain number of days ago is 
directly related to the extent to which the respective review 
is still up-to-date. This is due to the fact that the currency of 
customer reviews is tied to the occurrence of state changes of 
the reviewed items, such as hotel renovations, which occur in 
unregular patterns that are not strictly related to age or time. 
The inability to account for these state changes renders the 
aforementioned approaches inappropriate for assessing the 

currency of customer reviews, as their accuracy is compro-
mised. In addition, it is necessary to assess the currency of 
customer reviews on an aspect level, since the information 
in a customer review can be up-to-date with respect to one 
aspect and outdated with respect to another. However, to the 
best of our knowledge, there is no work that assesses the cur-
rency of customer reviews with respect to individual aspects 
of the item being reviewed.

In summary, there has been significant progress in 
assessing the currency of both structured and unstructured 
data. However, in the context of customer reviews, these 
approaches face challenges due to their reliance on struc-
tured data attributes or the consideration of features that 
are difficult to define for customer reviews, such as shelf 
life. While some initial efforts have been made to assess the 
currency of customer reviews, these approaches are limited 
in their ability to overcome the challenges of assessing the 
currency of customer reviews. In particular, they assess cur-
rency as a sole function of the age of the customer reviews 
and thus cannot account for state changes of the correspond-
ing item in the real world. Indeed, they do not make use of 
the rich information (e.g., (textual) feedback) contained in 
customer reviews that could indicate state changes. Moreo-
ver, they do not focus on assessing the currency of customer 
reviews with respect to different aspects of the associated 
item. Overall, this leads to an inaccurate and rather coarse 
assessment of the currency of customer reviews. To address 
this research gap, we propose a probability-based metric for 
assessing the aspect-based currency of customer reviews. 
The metric is based on the identification of aspect-based 
state changes using statistical outlier tests and the rich infor-
mation contained in customer reviews. Thus, it accounts 
for the uncertainty in the occurrence of aspect-based state 
changes and provides easily interpretable values that repre-
sent the probability that the information contained in cus-
tomer reviews is still up-to-date with respect to an aspect 
of the item.

A metric for aspect‑based currency 
of customer reviews

In this section, we describe our proposed artifact: a novel, 
probability-based metric for the aspect-based currency of 
customer reviews. Specifically, we first describe the general 
setting and the basic idea of our metric. On this basis, we 
develop our metric. Finally, we show how the metric can be 
instantiated using the Grubbs outlier test.

General setting and basic idea

In the context of customer reviews, aspect-based cur-
rency expresses whether the information associated with a 
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particular aspect contained in a set of customer reviews still 
expresses the current state of that aspect of the correspond-
ing item in the real world at the instant of assessment. As 
a result, customer reviews can only become outdated with 
respect to an aspect if the corresponding item in the real 
world changes with respect to that aspect. Such changes can 
be either abrupt or gradual over time. Regarding hotel cus-
tomer reviews, for example, the state of the aspect guest 
rooms changes abruptly in the case of a major hotel renova-
tion project, while it changes gradually over a longer period 
in the case of inadequate maintenance or when a long-term 
renovation program is conducted. We refer to such changes 
that affect the currency of customer reviews as aspect-based 
state changes. As customer reviews become outdated if and 
only if such an aspect-based state change occurs, assessing 
the currency of customer reviews is tied to identifying such 
state changes. Thus, we base our metric for aspect-based 
currency on the identification of aspect-based state changes 
as the underlying causes of outdated aspects of customer 
reviews. However, identifying aspect-based state changes 
is associated with uncertainty because they typically do not 
occur with predictable regularity. Indeed, it is not known 
with certainty if, when, and how often aspect-based state 
changes will occur. Such situations under uncertainty can 
be described and analyzed using well-founded methods 
based on the principles and knowledge base of probability 
theory. Thus, we aim to develop a metric based on prob-
ability theory. In this line, the values of our metric repre-
sent the probability that no state change has occurred for a 
reviewed item during the observation period, and thus that 
the associated customer reviews remained up-to-date during 
this period. Defining the metric values as probabilities has 
several advantages (Heinrich & Klier, 2015). They have a 
concrete unit of measurement, are interval-scaled, and can 
be integrated into expected values calculus.

Given a set of customer reviews as evaluations of the state 
of different aspects of an item, it contains evidence as to 
whether or not an aspect-based state change is likely to have 
occurred over time, e.g., in the texts and/or ratings regarding 
the respective aspects of the reviews (Hu & Liu, 2004; Sun 
et al., 2019). For example, the renovation of a hotel’s guest 
rooms may be reflected in a shift towards more comments 
about modern new rooms, resulting in a higher proportion of 
positive and fewer negative impressions regarding the rooms 
compared to before the renovation. We base our metric on 
indicators derived from customer reviews and the coexist-
ence of positive and negative user impressions that make 
such evidence regarding the probability of a state change 
tangible. Examples of such indicators are the relative fre-
quency of positive and negative comments on the respec-
tive aspects in the review texts, or positive and negative 
aspect-based ratings over time (e.g., on a daily or monthly 
basis, forming an indicator curve over time). Changes in 

the respective indicator curve suggest a higher probability 
of an aspect-based state change. However, since individual 
customers may have different perceptions depending on 
their subjective preferences and experiences, the indicator 
curve is subject to random and undirected noise even in the 
absence of aspect-based state changes (Dellarocas, 2003; 
Musto & Dahanayake, 2022). Therefore, we aim to identify 
changes in the indicator curve that go substantially beyond 
this random noise. The area under the indicator curve is 
more resistant to (random) noise (Box et al., 2015; Hynd-
man & Athanasopoulos, 2021) and allows the identification 
of changes in the indicator curve (Chatfield & Xing, 2019; 
Shumway & Stoffer, 2017). Thus, basing the design of our 
metric on the area under the indicator curve allows modeling 
the probability of an aspect-based state change while being 
more resistant to (random) noise. Figure 1 illustrates two 
(aspect-based) indicator curves for the two different cases 
regarding (aspect-based) state changes: one without a state 
change (left side) and one with a state change (right side). 
In the case of no state change, the area under the indica-
tor curve remains approximately the same over all (equally 
sized) time steps, with only small fluctuations due to the 
expected and unavoidable noise. In contrast, in the case of a 
state change, the area under the indicator curve changes sub-
stantially compared to the area under the indicator curve of 
previous time steps. Such substantial changes constitute out-
liers of the area under the indicator curve of a time step with 
respect to previous time steps. Indeed, in a mathematical 
sense, outliers represent observations significantly different 
from other observations (Grubbs, 1969; Maddala & Lahiri, 
1992). Thus, given a partitioning of the indicator curve into 
time steps, the probability of an aspect-based state change 
can be identified with the probability of the existence of an 
outlier in the area under the indicator curve. To determine 
these probabilities, there are well-established and sound 
methods from statistical hypothesis testing for outliers. 
They provide p-values that can be interpreted as the prob-
ability that no outlier is present (Chandola & Kumar, 2009; 
Hodge & Austin, 2004). Based on these p-values, our metric 
models the probability that a set of customer reviews is still 
up-to-date. This is achieved by multiplying the individual 
p-values of all time steps (where each p-value represents 
the probability that the area under the indicator curve for 
that time step is not an outlier and thus no state change has 
occurred) to calculate the metric value (i.e., the probability 
that no state change has occurred in any of the time steps and 
thus the set of reviews is still up-to-date). In this sense, our 
metric is capable of detecting both abrupt and gradual state 
changes. While changes in the indicator curve from grad-
ual state changes may not be as distinct as those resulting 
from an abrupt state change, they still show a change in the 
indicator curve that differs substantially from the expected 
and unavoidable random noise. Especially, since they often 



Electronic Markets           (2025) 35:10  Page 7 of 18    10 

persist across several time steps. Thus, when a gradual state 
change occurs, the aggregated probability—calculated as the 
product of the probabilities across individual time steps—
that the customer reviews being up-to-date is low (as desired 
to detect the gradual state change).

To conclude, a set of customer reviews can only become 
outdated with respect to an aspect due to an aspect-based 
state change of the corresponding real-world entity. The 
probability of an aspect-based state change can be iden-
tified with the probability of an outlier (i.e., a substantial 
change) in the area under the indicator curve. Consequently, 
we define our currency metric as the probability that no out-
lier (and thus no state change) has occurred regarding the 
area under the indicator curve at any time step and base its 
calculation on the p-values of a statistical outlier test.

Design of the basic model of the metric

To design our metric, we model the probability that a 
set of customer reviews R for a particular item within 
the time period 

[
t0;t1

]
 is still up-to-date with respect to 

an aspect a of the corresponding item at the instant of 
assessment t1 . Customer reviews can only become out-
dated with respect to an aspect a if a state change occurs 
that changes the state of aspect a of the corresponding 
item in the real world. Thus, the probability that the set of 

customer reviews is still up-to-date at the instant of assess-
ment t1 corresponds to the probability that no respective 
state change has occurred in the time period 

[
t0;t1

]
 . Given 

a partitioning of the time period 
[
t0;t1

]
 into (equally-sized) 

time steps 
[
s0;s1

]
,… ,

[
sl−1;sl

]
 (with t0 = s0 < ⋯ < sl = t1 ), 

the probability that no state change occurred in 
[
t0;t1

]
 is 

equivalent to the probability that no state change occurred 
in any of the time steps 

[
s0;s1

]
,… ,

[
sl−1;sl

]
 . To avoid a pos-

sible loss of valuable information from previous time steps 
when assessing the probability for a subsequent time step, 
we formalize the probabilities for subsequent time steps 
by means of conditional probabilities. This consideration 
of multiple time steps and the path describing our prob-
ability of interest is illustrated by the tree diagram shown 
in Fig. 2.

Here, Ok for k = 1,… , l denotes the (probability-the-
oretic) event that a state change with respect to aspect a 
occurred in the k-th time step [sk−1, sk] . In contrast, Ok rep-
resents the counter-event that no respective state change 
occurred in the k-th time step. On this basis, in Eq. (1), we 
define our metric (i.e., the probability that no state change 
has occurred in 

[
t0;t1

]
 and thus the probability that the set 

of customer reviews R is still up-to-date) by multiplying 
all conditional probabilities along the path with no state 
change occurring in any of the time steps:

Fig. 1  Indicator curves without state change (left) and with state change (right)

Fig. 2  Tree diagram highlight-
ing the path of probabilities that 
no outlier occurs
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To determine the probabilities in Eq. (1), we employ that 
the probability that no aspect-based state change occurred 
in the k-th time step (i.e., in 

[
sk−1;sk

]
 ) corresponds to the 

probability that Ak is not an outlier with respect to the areas 
under the indicator curve A1,… ,Ak−1 in the previous time 
steps. For the first time step 

[
s0;s1

]
 , no previous area under 

the indicator curve is available in 
[
t0;t1

]
 . Thus, another well-

founded method is required to estimate P(O1) . For example, 
it would be possible to use a quality-assured reference time 
step before t0.

Statistics and the branch of outlier detection based on 
hypothesis testing offer a rich set of well-founded methods 
to support the estimation of the required probabilities (i.e., 
P(O1) and P

(
Ok|Ok−1,… ,O1

)
 for k = 2,… , l) such as the 

Grubbs test, Dixon’s Q test, or Thompson Tau test (Chan-
dola & Kumar, 2009; Hodge & Austin, 2004). In particular, 
the well-known concept of the p-value in hypothesis testing 
can be used to derive a mathematically sound indication of 
whether an outlier is present at a given time step (Hodge & 
Austin, 2004). Indeed, given the null hypothesis that the 
value under consideration is not an outlier, the correspond-
ing p-value represents the highest level of significance at 
which this null hypothesis cannot be rejected. Transferred to 
our context, the probability that the area under the indicator 
curve in the k-th time step Ak is not an outlier with respect 
to A1,… ,Ak−1 can be assessed by means of the p-value pk 
of the hypothesis test based on the null hypothesis that Ak is 
not an outlier with respect to A1,… ,Ak−1 , under the condi-
tion that no outlier occurred in these time steps (i.e., 
p1 = P(O1) and pk = P

(
Ok|Ok−1,… ,O1

)
 ) for k = 2,… , l ). 

Finally, the value of our metric for the aspect-based currency 
of a set of customer reviews R , which represents the proba-
bility that no aspect-based state change has occurred in any 
time step in 

[
t0;t1

]
 , and thus the information associated with 

the aspect a in R is up-to-date at the instant of assessment t1 , 
is given by:

This formalization of the metric as the product of an esti-
mated probability pk per time step k = 1,… , l that the area 
under the indicator curve does not represent an outlier favors 
the detection of both abrupt and gradual state changes. In 
the case of an abrupt state change, the overall probability 
QCURR

(
R, t0, t1

)
 that the customer reviews R are up-to-date is 

estimated to be small because the p-value pk for the time step 
in which the abrupt state change occurs is estimated very 
low (as Ak constitutes a very clear outlier with respect to 

(1)
QCURR

(
R, t0, t1

)
= P

(
O1

)
⋅ P

(
O2|O1

)
⋅ ⋯ ⋅ P

(
Ol|Ol−1,… ,O1

)

(2)QCURR

(
R, t0, t1

)
= p1 ⋅ p2 ⋅ ⋯ ⋅ pl =

l∏

k=1

pk

A1,… ,Ak−1 ). Gradual state changes also show low p-values. 
While not as distinct as in the case of a sudden state change, 
for gradual state changes, these low values extend across 
several time steps. Therefore, when a gradual state change 
occurs, the aggregated probability of the customer reviews 
being up-to-date (as a product of all p-values) is low (as 
desired to detect the gradual state change).

Operationalization of the basic model using 
the Grubbs outlier test

Our metric provides the probability that the information 
associated with an aspect a in a set of customer reviews R 
is up-to-date by assessing the probability of occurrence of 
an aspect-based state change in the respective time period [
t0;t1

]
 . To be able to determine p1 of the first time step 

analogously to pk for the following time steps k = 2,… , l , 
we additionally use a quality-assured reference time step 
(referred to as time step 0, with area under the curve A0 ) 
before t0 . Equation (2) provides the mathematical definition 
of our metric based on p-values from statistical hypothesis 
tests for outliers (i.e., the conditional probabilities pk for 
time steps k = 1,… , l that the area Ak is not an outlier with 
respect to the areas A0, ...,Ak−1 under the condition that no 
state change has occurred in the previous time steps). In 
statistical hypothesis testing, the Grubbs test (Grubbs, 1969; 
Stefansky, 1972; Thompson, 1935) is a widely used, reliable, 
robust, and computationally inexpensive choice for detect-
ing outliers (Urvoy & Autrusseau, 2014). Against this back-
ground, for the operationalization of our basic model, we use 
the Grubbs test to determine pk ( k = 1,… , l ). Here, pk is the 
p-value of the Grubbs test, which represents the probability 
that Ak is not an outlier with respect to the distribution of the 
areas under the indicator curve in the previous time steps. 
The test statistic Gk of the Grubbs test is calculated by tak-
ing the absolute value of the difference between Ak (i.e., the 
area under the indicator curve that we are testing for being 
an outlier) and the expected value �A,k of the distribution 
of the areas under the indicator curve in the previous time 
steps, divided by its standard deviation �A,k:

To determine the test statistic, the mean �A,k and the stand-
ard deviation �A,k of the normal distribution of the areas under 
the indicator curve in previous time steps are needed. For this 
purpose, we exploit the fact that the areas under the indica-
tor curve depend on the values of the respective indicator. 
Under the condition that no state change has occurred in the 
previous time steps, these indicator values show the typical 
behavior of a normally distributed random variable (Shumway 
& Stoffer, 2017), since they are nearly constant with small 

(3)Gk =
||Ak − �A,k

||
�A,k
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fluctuations (i.e., random noise) characterized by their mean 
�k , which represents their central tendency, and their standard 
deviation �k as a measure of the fluctuation. To determine the 
area under the indicator curve, we use numerical integration 
methods (Davis & Rabinowitz, 1984), taking advantage of the 
fact that these methods calculate the area under the indica-
tor curve as a weighted sum of the indicator values (Davis & 
Rabinowitz, 1984). Thus, the area under the indicator curve 
(under the condition that no state change has occurred) is cal-
culated as the weighted sum of nk normally distributed indica-
tor values (where nk is the total number of indicator values in 
the previous time steps) which by definition is also normally 
distributed (DeGroot & Schervish, 2010) with parameters �A,k 
and �A,k . Both parameters �A,k and �A,k can be calculated in 
terms of �k and �k from the distribution N(�k, �

2
k
) of the indi-

cator values. Using the trapezoidal rule, a well-known and 
widely used numerical integration method (Atkinson, 1989; 
Rahman & Schmeisser, 1990), the parameters are given by 
�A,k = �k(sk(nk − 1)) and �A,k = �k(sk

√
nk − 1.5) with sk 

being a scaling factor. The scaling factor accounts for the dif-
ferences in width between the k-th time step and the previous 
time steps and the resulting difference in magnitude between 
Ak and the areas given by N(�A,k, �

2
A,k
) . On this basis, �A,k and 

�A,k are determined to calculate the test statistic of the Grubbs 
test Gk to assess pk . The dependencies from all previous time 
steps (i.e., conditional probabilities) are taken into account by 
calculating �A,k and �A,k based on the indicator values (and 
their �k and �k ) from all previous time steps 0, ..., k − 1 . The 
null hypothesis that Ak is not an outlier would be rejected at 
the significance level �k if Gk was greater than a critical value 
Z�k ,nk . This critical value Z�k ,nk depends on the significance 
level �k and the number nk of indicator values and is calculated 
as follows:

where t �k

2nk
,nk−2

 denotes the upper critical value at the signifi-

cance level �k∕2nk for a t-distribution with nk − 2 degrees of 
freedom (with nk required to be greater than or equal to three 
(Grubbs, 1969)). The p-value constitutes the highest signifi-
cance level �k at which the null hypothesis cannot be rejected 
(i.e., the test statistic Gk is smaller than the critical value 
Z�k ,nk ). The critical value Z�k ,nk decreases as the significance 
level �k increases (Grubbs & Beck, 1972) and thus maximiz-
ing �k is equivalent to minimizing the critical value Z�k ,nk . 
Using these relationships, the p-value pk can be assessed in 
terms of the solution to the optimization problem of search-
ing the significance level �k for which the critical value Z�k ,nk 
reaches its minimum (i.e., �k is maximal) under the condition 

(4)Z�k ,nk =
nk − 1
√
nk

������
t2�k
2nk

,nk−2

nk − 2 + t2�k
2nk

,nk−2

that the null hypothesis cannot be rejected (i.e., the test sta-
tistic Gk is smaller than the critical value Z�k ,nk):

Consequently, using Eq.  (5) in our metric given by 
Eq. (2), the value of our metric for the Grubbs test opera-
tionalization described in this section is given by:

Note that our metric can be applied in a fully unsuper-
vised and automated manner, as there is no need for manual 
intervention, making it particularly suitable for large datasets 
containing many customer reviews.

Demonstration and evaluation

In this section, we demonstrate and evaluate the practical 
applicability and utility of our probability-based metric 
for the aspect-based currency of customer reviews. First, 
we present the selected case of hotel customer reviews on 
TripAdvisor. Then, we demonstrate how the metric can be 
applied to this case. Finally, we evaluate the values of our 
metric in terms of reliability and discriminative power.

Case selection and dataset

To demonstrate and evaluate our metric, we apply it to a 
dataset of customer reviews from the review platform Tri-
pAdvisor, which is one of the most prominent and impor-
tant review platforms especially for the tourism and hos-
pitality industry. TripAdvisor, a pioneer in travel-centric 
online reviews (Litvin et al., 2018), has rapidly evolved 
into the most recognized platform for sharing experiences 
about hotels, restaurants, and attractions (Gretzel & Yoo, 
2008), accumulating over a billion reviews (Statista, 2023b). 
Thereby, we specifically focus on hotels, a key sector of the 
tourism and hospitality industry with a market size of over 
one trillion USD in 2023 (Statista, 2023a). Indeed, hotels 
are one of the most important categories on TripAdvisor, 
with over 1.2 million hotels listed on the platform and thus 
available for review (Nunkoo et al., 2020). Despite their 
importance, the quality of hotel customer reviews on Tri-
pAdvisor varies and is often criticized (Chua & Banerjee, 
2013; Xiang et al., 2018; Xie et al., 2016). Regarding cur-
rency, the platform does not provide specific information on 
whether the information contained in the customer reviews 
still represents the current state of the corresponding item in 
the real world, but only the date of creation or the date of the 

(5)pk = argmin
�k

(
Z�k ,nk |Gk ≤ Z�k ,nk

)

(6)

QCURR(R, t0, t1) =

l∏

k=1

pk =

l∏

k=1

argmin
�k

(
Z�k ,nk |Gk ≤ Z�k ,nk

)
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most recent update of its customer reviews. Therefore, in the 
case of hotel reviews on TripAdvisor, it seems particularly 
important and relevant to assess currency in an aspect- and 
probability-based way, taking into account currency-relevant 
state changes.

To demonstrate and evaluate our metric, we selected 1500 
hotels listed on TripAdvisor. More precisely, we selected 
the 30 most often reviewed hotels for each of the 50 largest 
cities (by population) in the USA. This approach ensured a 
diverse sample, ranging from large, tourist-oriented luxury 
hotels (e.g., hotels on The Strip in Las Vegas) to smaller, 
business-oriented hotels (e.g., hotels in Milwaukee’s busi-
ness district). To exemplify the ability of our metric to assess 
the aspect-based currency of customer reviews, we focus 
on the aspect guest rooms of the hotels, which is among 
the most important aspects regarding customer satisfaction 
(Nunkoo et al., 2020). For the demonstration, we assess 
the currency of the customer reviews created regarding the 
aspect guest room in the time period under consideration, 
which is between January 1st, 2014, and December 31st, 
2019. To this end, we collected a dataset of all 3,356,231 
TripAdvisor reviews of the considered hotels in this period 
and extracted the fine-grained room ratings in order to focus 
on the aspect guest room. The fine-grained room ratings, 
which are given on a scale of one to five, are readily avail-
able on TripAdvisor, as the platform offers a comprehensive 
rating system that allows reviewers to rate various aspects of 
a hotel in addition to providing an overall rating.

While our proposed metric can be applied in a fully auto-
mated manner—without the need for any manual interven-
tions—a labeled dataset is required for the sole purpose of 
rigorously evaluating our metric. More precisely, in order 
to evaluate our metric’s capability of assessing the prob-
ability of the occurrence of state changes (regarding guest 
rooms), a gold standard dataset containing verified informa-
tion on actual state changes is needed. Thus, exclusively for 
evaluation purposes, we manually labeled the correspond-
ing set of customer reviews for each hotel in our dataset 
with respect to whether their rooms experienced a state 
change during the time period under consideration, from 
January 1st, 2014, to December 31st, 2019. On this basis, 
it is possible to determine for all reviews whether they are 
still up-to-date with respect to the aspect guest room at the 
end of the time period under consideration ( t1 = December 
31st, 2019). For this purpose, we extensively searched the 
hotel websites, online news articles related to the hotels, and 
hotel forums for information on state changes regarding the 
rooms. We further supported our research for state changes 
with a Bing AI-powered search for state changes of the 
hotels’ guest rooms to enhance the robustness of our mark-
ings. By means of this research, we found abrupt or gradual 
aspect-based state changes (regarding the aspect guest room) 
for 1017 hotels, while no aspect-based state changes were 

identified for the remaining 483 hotels. Most state changes 
were major renovation projects, but we also found updates to 
hotel maintenance standards, long-term renovation projects, 
hotel expansions, the introduction of new room types, and 
hotel-wide smoking bans in rooms. In this sense, our dataset 
is particularly well suited for a rigor evaluation our metric, 
as it contains both abrupt and gradual state changes for many 
instances, while still containing enough instances for which 
the guest rooms did not experience a state change.

Demonstration of the practical applicability 
of the metric

Our metric aims to assess the probability of the occurrence 
of aspect-based state changes by using an indicator that 
makes evidence regarding these state changes tangible. For 
our case (hotel customer reviews from TripAdvisor and the 
aspect guest rooms), we thus generate the indicator curve 
by aggregating these fine-grained room ratings on a three-
month level (i.e., January to March, April to June, July to 
September, and October to December; with the first point of 
the indicator curve being the average of a hotel’s room rat-
ings from January 1st, 2014, and March 31st, 2014). We then 
partition the time period under consideration (i.e., January 
1st, 2014, to December 31st, 2019) into three time steps of 
two years each. The reference time step to support the calcu-
lation of the outlier probability for the first time step is from 
January 1st, 2012, to December 31st, 2013. Figure 3 shows 
an example of the indicator curves and time steps for two 
sample hotels in our dataset. On the left side, we observe an 
approximately constant indicator curve for a hotel where no 
state change has occurred. The right side shows the indicator 
curve of a hotel where that underwent a major renovation 
around June 2016.

To calculate the metric values, we used the operationali-
zation with the Grubbs test described in the previous section. 
Specifically, to calculate the area under the curve in the dif-
ferent time steps, we used the trapezoidal rule, which 
allowed us to calculate the area as a weighted sum of the 
values of the indicator curve in the corresponding time steps. 
To calculate �A,k and �A,k (i.e., the mean and standard devia-
tion of the distribution of the previous areas under the 
curve), we used the formulas derived in the previous section 
(i.e., �A,k = �k(sk(nk − 1)) and �A,k = �k(sk

√
nk − 1.5) , where 

�k and �k are the mean and standard deviation, and nk is the 
number of points in the previous time steps ( 0, ..., k − 1)). 
For example, for the initial time step, the latter is eight, cor-
responding to the eight points in the reference time step, and 
increases to 16 for the second time step. The scaling factor 
sk , which adjusts for the different widths of the area under 
the curve, is set to 1 for the first step (due to the equal num-
ber of points in the reference phase and the first step), 0.5 for 
the second step, and 0.33 for the third step. Using these 
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values, we calculate the Grubbs statistic Gk and the critical 
value Z�k ,nk (as outlined in Eqs. (4) and (5) of the previous 
section). This, in turn, allows us to determine pk by solving 
the optimization problem pk = argmin

�k

(
Z�k ,nk |Gk ≤ Z�k ,nk

)
 

(cf. Eq. (5) in the previous section) using a numerical least-
squares optimization approach.

Based on the outlined instantiation, we prototypically 
implemented our probability-based metric for the aspect-
based currency of customer reviews in Python. This allowed 
us to calculate the probability that the customer reviews 
between January 1st, 2014, and December 31st, 2019, still 
expressed the current state of the aspect guest room at the 
end of the time period under consideration (December 31st, 
2019) in a fully automated manner for each hotel. Notably, 
we observe that the metric yields predominantly either very 
low or very high values, with a large portion (around 60%) 
of the probabilities falling in the range of 0.20 or lower and 
about 30% of the probabilities exceeding 0.90. Such a distri-
bution is favorable because it provides the basis for a clear 
and comprehensive discrimination between up-to-date and 
outdated instances.

Evaluation of the values of the metric

Our metric estimates the probability that the information 
associated with a particular aspect in a set of customer 
reviews still represents the current state of the corresponding 
item in the real world at the instant of assessment. To ana-
lyze whether the proposed metric is able to provide values 
of high quality, it has to be evaluated whether the estimated 
probabilities correspond to the actually observed relative 
frequencies, which can be assessed in terms of reliability 
(Murphy & Winkler, 1977; Sanders, 1963). In our context, 

high reliability requires that the metric values in an inter-
val must be approximately equal to the relative frequency 
of up-to-date instances in that interval. A widely accepted 
and common way to evaluate reliability is to examine the 
reliability curve (Bröcker & Smith, 2007). To calculate the 
points of this curve, the data is sorted into bins according 
to the metric values. Then, the mean of the metric values 
(“Mean Metric Value”) and the actual relative frequency 
of instances being up-to-date (“Fraction of Up-to-Date 
Instances”) are calculated and plotted separately for each 
bin. To obtain enough instances in each bin, the number of 
bins was set to five. A perfectly reliable probability estimator 
would be characterized by all points of the corresponding 
reliability curve lying exactly on the angle bisector, i.e., for 
each bin, the mean of the metric value and the actual relative 
frequency of up-to-date instances would be identical. The 
reliability curve of our metric values is illustrated in the left 
part of Fig. 4. The results underline that our metric provides 
reliable values, as the curve follows the angle bisector rather 
closely. In particular, for very low values, which constitute 
the majority of cases (about 60%), the relative frequencies 
of up-to-date instances and the values of our metric coincide 
almost perfectly. For higher values, our metric slightly over-
estimates the probability of an instance being up-to-date.

Effective decision-making requires accurate metrics that 
can discriminate between up-to-date and outdated instances. 
A widely accepted approach for evaluating the discriminative 
ability of probability-based metrics is to compute the area 
under the curve (AUC) of the receiver operator characteristics 
(ROC) curve (Hanley & McNeil, 1982; Hosmer et al., 2013). 
Specifically, the ROC curve is constructed by plotting the rate 
of up-to-date instances correctly classified as up-to-date (true 
positive rate, TPR) of a classifier based on the estimated prob-
abilities derived from the metric against the rate of outdated 

Fig. 3  Example indicator curves for a hotel with no state change (left) and a hotel with a state change (right) for the aspect guest rooms based on 
the TripAdvisor data
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instances incorrectly classified as up-to-date (false positive 
rate, FPR) as the classification threshold is varied. In this study, 
we use the metric values to construct the ROC curve shown 
in the right part of Fig. 4. Our analysis indicates that the ROC 
curve closely approximates the curve of perfect discrimina-
tion. Furthermore, the AUC value calculated for the proposed 
metric (95.84%) indicates outstanding discriminative ability 
(Hosmer et al., 2013). In the following, we further evaluate the 
discriminative ability of our metric as a binary classifier for 
the classes up-to-date and outdated using the common perfor-
mance measures accuracy, precision, recall, and F1-measure 
(the harmonic mean of precision and recall). Thereby, we use 
the probabilities of our metric to classify instances to one of 
the classes up-to-date or outdated by assigning them to the 
class that is most likely; i.e., we use the probability 0.5 as 
a natural classification threshold for our metric values. As a 
benchmark to compare the performance of our metric-based 
binary classifier, we use AutoGluon (Erickson et al., 2020), 
an open-domain, state-of-the-art automated machine learning 
framework. AutoGluon automatically employs, optimizes, 
and combines a diverse set of machine learning models for 
the given classification task, with the goal of finding the best 
performing model or ensemble of models. We instantiate 
AutoGluon in two different ways. In the first case—AutoML 
(AutoGluon, indicator curve)—AutoGluon uses all values of 
the indicator curves as input for the classification. In the sec-
ond case—AutoML (AutoGluon, feature-based)—the indica-
tor curves are first characterized with features such as mean 
value, standard deviation, minimum and maximum value, and 
the area under the curve (for each individual time step and the 
complete indicator curve). We evaluate the performance of 
AutoGluon using fivefold cross-validation. Since AutoGluon 
is fully supervised, both versions had access to the labels of 

the training data in each fold to predict the labels of the test 
data. For the application of our approach, these labels are not 
necessary and were collected for reasons of a thorough evalu-
ation only.

For the given dataset, our metric provides very promising 
results for both the up-to-date and the outdated class. For all 
considered performance measures, our metric-based classifier 
clearly outperforms the automated machine learning frame-
work (cf. Table 2).

Our aspect-based metric correctly classifies 91.26% of the 
instances and clearly outperforms both AutoGluon instan-
tiations, which achieve an accuracy of 83.33% and 79.66%, 
respectively. Our metric succeeds in identifying over 90% of 
both up-to-date and outdated instances (recall), which neither 
AutoGluon instantiation succeeds in doing for either outdated 
or up-to-date instances. In addition, our approach is 95.38% 
and 83.59% correct when predicting outdated and up-to-date 
instances, respectively (precision), again outperforming both 
AutoGluon instantiations. Consequently, the F1-measure pro-
vides good results for both classes. In particular, a classifica-
tion performed based on the values of our metric outperforms 
both AutoGluon instantiations, even with AutoGluon having 
additional access to the labels of the training data. In con-
clusion, the results from the evaluation of our metric values 
confirm that the values of our proposed metric are reliable and 
can discriminate very well between up-to-date and outdated 
instances.

Fig. 4  Reliability curve (left) and ROC curve (right) for our metric values
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Discussion

In this section, we reflect on our probability-based metric 
for the aspect-based currency of customer reviews. First, we 
discuss the contributions and implications of our metric for 
both theory and practice. Then, we elaborate on limitations 
of our work and propose avenues for future research.

Contributions and implications for theory 
and practice

Data quality of customer reviews is an important and rel-
evant topic, since the performance of data analytics tasks 
and decision support systems such as recommender sys-
tems depends heavily on the quality and especially the cur-
rency of the underlying data. Nevertheless, there are only a 
few papers that propose currency assessments of customer 
reviews, all of which measure currency in a simple way 
depending on the age of the customer reviews. However, 
it is known from the knowledge base that simple age-based 
approaches (e.g., for the context of wiki articles, see Hein-
rich et al., 2023) have weaknesses and can only measure 
currency to a limited extent. Therefore, in this paper, we 
designed and evaluated a novel probability-based metric for 
assessing the aspect-based currency of customer reviews 
based on the identification of state changes. Our proposed 
metric contributes to theory and practice in several ways.

The theoretical contributions of our work are twofold. 
First, our metric is the first that accounts for the process 
of how customer reviews become outdated, representing an 
improvement in descriptive knowledge. Specifically, our 
approach considers state changes, operates at the aspect 
level, and is based on probability theory. Considering state 
changes gives credit to the fact that customer reviews can 
only become outdated if the associated item changes in the 
real world. Therefore, considering state changes is consistent 
with the definition of currency as a measure of whether data 
is up-to-date, i.e., whether the data still corresponds to its 
counterparts in the real world. However, previous research 
has focused on the age of the reviews, resulting in inaccurate 
assessments of currency. Moreover, assessing the currency 
of customer reviews at the more fine-grained aspect level is 
beneficial, because even if reviews are outdated with respect 

to certain aspects, the valuable information they contain 
with respect to others can still be exploited. Indeed, most 
customer reviews contain information and ratings regarding 
different aspects (e.g., location and room condition in the 
context of hotel reviews). In general, changes in the state of 
one aspect do not necessarily affect other aspects. Accord-
ingly, customer reviews may be up-to-date with respect to 
some aspects because they have not changed in the real 
world, while they are outdated with respect to other aspects. 
Finally, basing currency assessment on probability theory is 
required due to the inherent uncertainty associated with the 
occurrence of aspect-based state changes. This uncertainty 
arises, since it is not known with certainty if, when, and 
how often aspect-based state changes occur, because explicit 
data in this regard is typically not available. In such a case, 
the principles and knowledge base of probability theory are 
adequate and valuable, providing well-founded methods for 
describing and analyzing such situations under uncertainty. 
Thus, our metric is able to deal with the uncertainty associ-
ated with assessing the (aspect-based) currency of customer 
reviews and its values are interval-scaled and well interpret-
able as probabilities. As our metric is the first that accounts 
for the process of how customer reviews become outdated, 
it constitutes an improvement in the sense of Gregor and 
Hevner (2013), showing novelty and contributing to the 
(Ω)-knowledge base.

Second, by proposing our approach based on novel ideas 
for identifying aspect-based state changes, we contribute 
to the prescriptive knowledge by improving over existing 
approaches. Given a set of customer reviews as evaluations 
of the state of different aspects of an item, it contains evi-
dence as to whether or not an aspect-based state change is 
likely to have occurred over time, e.g., in the texts and/or rat-
ings regarding the respective aspects of the reviews. We base 
our novel metric on indicators derived from the customer 
reviews that make such evidence regarding the probability of 
a state change tangible. Our aim is to identify changes in the 
indicator curve that go substantially beyond expected ran-
dom noise. Therefore, we base our metric on the area under 
the curve, which is resistant to random noise. In the case of 
no state change, the area under the curve remains relatively 
constant, while in the case of a state change, the area under 
the indicator curve changes substantially. In a mathematical 

Table 2  Performance measures 
for classification into up-to-date 
and outdated instances using the 
instantiation of our proposed 
metric as well as the two 
instantiations of AutoGluon

Accuracy Recall Precision F1-measure

Proposed metric Outdated 91.26% 91.53% 95.38% 93.41%
Up-to-date 90.68% 83.59% 86.99%

AutoML (AutoGluon, indicator curve) Outdated 79.66% 81.28% 87.77% 84.39%
Up-to-date 76.29% 66.07% 70.81%

AutoML (AutoGluon, feature-based) Outdated 83.33% 89.34% 85.85% 87.56%
Up-to-date 71.84% 77.89% 74.75%
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sense, this means that we are trying to identify outliers in the 
area under the indicator curve. There are well-established 
and sound methods from statistical hypothesis testing for 
outliers to determine the probability of an outlier and thus 
the probability of an aspect-based state change. This new 
method contributes to the (Λ)-knowledge base as a level 2 
artifact in the sense of Gregor and Hevner (2013). Moreover, 
our operationalization of the metric with the Grubbs-test 
contributes to the (Λ)-knowledge base as level 1 artifact. 
This holds especially as our evaluation shows that the metric 
values are reliable and can be used for classification into out-
dated and up-to-date instances. Such a classification based 
on the metric values even outperforms fully supervised 
AutoML-approaches requiring additional data. Indeed, our 
results confirm and extend previous research (Heinrich & 
Klier, 2011, 2015) in that considering data quality metrics 
in terms of probabilities is advantageous.

The practical contributions of our work are twofold. First, 
our metric can help improve decision support systems such 
as recommender systems that rely on customer reviews. 
These systems are often hampered by the use of low-quality 
data, such as outdated customer reviews, which leads to poor 
performance. Our metric can discriminate well between 
up-to-date and outdated instances. Therefore, it is possible 
to use our metric in practical applications to improve the 
performance of decision support systems by, for instance, 
eliminating outdated data. For example, in the context of 
recommender systems, using our metric to filter up-to-date 
information can improve customer satisfaction and increase 
revenue for both the platform and the providers of products 
and services.

Second, our metric can improve the insights of data 
analytics methods such as machine learning algorithms 
based on customer reviews. Results based on outdated cus-
tomer reviews to model the (current) state of the associated 
item may be invalid. Our metric provides reliable values 
in the form of probabilities for the aspect-based currency 
of customer reviews. This information can be incorporated 
into data-driven decision-making, for example, based on 
expected value calculus, to increase the validity of the results 
and foster informed and effective decision-making.

Limitations and future work

While our proposed metric has shown promising results in 
assessing the aspect-based currency of customer reviews, 
it is important to acknowledge its limitations and identify 
potential areas for future research. To demonstrate and 
evaluate our metric, we focused on a single instantiation 
with 1500 hotels, using room ratings as an indicator to 
assess the currency of hotel customer reviews with respect 
to their guest rooms. Future research could apply the pro-
posed approach with different indicators (e.g., aspect-based 

sentiments based on the review texts) and compare the 
results. Similarly, our metric could be applied to customer 
reviews in other domains (e.g., customer reviews of smart-
phone apps or restaurants). Even though our metric is able 
to identify state changes, it cannot specifically identify the 
type of state change. Future work could employ methods 
from natural language processing to retrieve the exact causes 
of such aspect-based state changes from the texts of the cus-
tomer reviews (i.e., the event that changed the state, such as 
the renovation of the guest rooms of a hotel). Prior research 
highlights the positive impact of assessing the currency of 
customer reviews on decision-making quality (Hägele et al., 
2024). Although a study like Hägele et al. (2024) has not yet 
been conducted for our metric proposed in this work, their 
initial results with a basic currency metric are compelling. 
Future research could apply our probability-based, aspect-
oriented metric in similar experiments to assess its specific 
influence on decision quality. Moreover, our metric is the 
first to be specifically and thoughtfully designed for assess-
ing the aspect-based currency of customer reviews at the 
individual aspect level. This is especially significant given 
that customer reviews are often utilized at the aspect level 
(e.g., Zhang et al., 2014) and can be up-to-date with respect 
to one aspect while being outdated in others. Nonetheless, 
potential interconnections between aspects (for instance, 
improved service quality due to new staff at a hotel might 
also enhance the room quality through better cleanliness) 
in customer reviews constitute a highly intriguing avenue 
for future research in the context of currency metrics for 
customer reviews in particular. Finally, our metric relies 
on identifying aspect-based state changes after they have 
occurred. It may be promising to extend our approach by 
incorporating ex-ante estimates of the probabilities of such 
aspect-based state changes in future research. This may be 
achieved by considering additional information, such as 
external data indicating aspect-based state changes in the 
(near) future (e.g., information about planned renovations 
for a hotel from news articles).

Conclusion

Assessing the currency of customer reviews from digital 
platforms is an important issue in both theory and practice. 
In this paper, we propose a novel probability-based metric 
for assessing the aspect-based currency of customer reviews 
based on the identification of state changes. Existing metrics 
are limited in their ability to assess the currency of customer 
reviews because they are applicable only to structured data, 
are based only on update frequencies, or model the currency 
of customer reviews solely by means of simple time inter-
vals. In particular, existing approaches cannot cope with 
the irregular occurrence of (aspect-based) state changes, 
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which is the most crucial factor for assessing the currency 
of customer reviews. To this end, the proposed metric is 
based on the identification of aspect-based state changes and 
is formulated in terms of probabilities to account for the 
uncertainty in their occurrence. We demonstrate the practi-
cal applicability of our metric and evaluate its values based 
on a large real-world dataset of hotel customer reviews from 
the platform TripAdvisor. The results are promising in that 
the provided metric values are reliable and allow for a clear 
discrimination between up-to-date and outdated instances.
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