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Predicting user satisfaction over time is crucial in news recommendations, as users’ preferences are significantly
influenced by various time-variant factors. Traditional correlation-based recommenders often suffer from
redundant relationships, which can undermine their effectiveness over time. This work takes a time-aware
causal approach to news recommendations, treating exposed news at a predicted time as the treatment
variable and the resulting user satisfaction as the outcome variable. Capturing the evolving causal effects
of exposed news items on user satisfaction poses significant challenges, particularly stemming from the
need to model complex dependencies among time-variant covariates, such as news popularity and recency,
as well as to effectively leverage the inherent user preferences embedded in time-invariant covariates. To
these ends, we propose the CAuSal Time-aware Recommender, named CAST-Rec, which accounts for the
causal influences of both time-variant and time-invariant covariates. Specifically, we model the intricate
causal dependencies among time-variant covariates through a series of transformer-based causal blocks. For
time-invariant covariates, we utilize the semantic understanding and generative capabilities of Large Language
Models (LLMs) to infer inherent user preferences while mitigating potential confounding effects. Extensive
experiments demonstrate the superior performance of CAST-Rec compared to various news recommendation
models and across multiple LLM implementations.
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1 Introduction

In an era of information overload, News Recommendation Systems (NRSs) play a vital role
in delivering personalized content, enabling users to discover timely and relevant news amid the
overwhelming volume of information. To deliver timely and personalized recommendations, NRSs
are required to accurately model time-variant factors that capture evolving trends and user interests,
while also accounting for time-invariant factors, such as the semantics of exposed news. This dual
focus ensures that users receive updates on trending topics that align with their preferences, thereby
enhancing the effectiveness of recommendations.

Time is indispensable in news recommendations, as it is crucial for ensuring that users receive
the most current and relevant information. Multiple temporal factors, whether observed or not, can
influence users’ satisfaction with recommended items [25]. Attempting to account for all of these
factors is impractical and would add considerable complexity [11]. Given the constraints on data
availability, such as the lack of contextual user information due to privacy concerns, the recency
and popularity of news items are widely used as two key time-variant factors in recommendations
[22, 35]. As illustrated in Figure 1(a), news users are influenced by the recency and/or popularity of
news items. The bold black arrow on the far left of the timeline indicates the release time of news
items A and B. As time progresses from left to right, the recency of news A and B diminishes. The
popularity of items diminishes as the color transitions from darker to lighter shades. In the example
shown in Figure 1, the first user prefers fresh news, while the other prioritizes the popularity
of news. Existing NRSs can be categorized by the time-variant factors they consider: recency
[6, 28], popularity [1, 22], and both [8, 9, 31]. The first category of models addresses time-decaying
correlations between exposed news and their recency from the user’s perspective by distinguishing
between short-term and long-term user preferences, leveraging fixed or adaptive time windows
to prioritize recently interacted news while down-weighting outdated content [28]. Popularity-
based models identify correlations between global popularity and exposed news by analyzing topic
prevalence and prioritizing news within trending topics [1]. Methods that account for both recency
and popularity consider the correlations of exposed news by incorporating these two factors [9, 53].
For example, in the user—item interaction graph in [9], recency of an item node can be encoded by
node features, while the degree of the item node shows its popularity.

While these methods effectively approach time, they primarily rely on correlations and are,
therefore, skewed by redundant associations. A more recent study [4] examines the causal impact of
time on exposed news but simplifies time by treating it as a static variable. This approach does not
capture the complex dependencies between multiple time-variant factors and overlooks how their
causal influences on the user satisfactions evolve over time. The causal influences of time-variant
factors on user satisfactions are time-variant. As shown in Figure 1(b), we consider the example
of a user driven by popularity. If there is no recommendation at time #;, the user would prefer
news A (denoted by blue strip in Figure 1) about NVIDIA stocks at time t,, possibly because he or
she is a stakeholder of NVIDIA. However, if news B (denoted by orange strip) about the United
States chip export controls is presented to the user at time #;, he or she might sell his/her NVIDIA
stock by time t, and thus lose interest in news A (denoted by blue strip), even if it is popular then.
Conversely, if news C (denoted by green strip) about United States policy is shown to and clicked
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Fig. 1. Toy examples of (a) recency- and popularity-driven users, where positions further to the left indicate
higher recency, and darker positions indicate higher popularity; (b) how the causal influence of exposed items
affect future user satisfactions, where vy, v, represents news items exposed at time t; and f,, respectively.

by the user earlier, sparking their interest in policy, they would prefer news B (denoted by orange
strip) about chip export controls at time t, despite its lack of popularity. A similar situation holds
for recency-driven users. Therefore, the causal impact of time-variant factors on user satisfaction
evolves over time, necessitating the modeling of causal relationships in an evolving manner.

Effectively modeling the evolving causal effects of past exposures on future user satisfaction
requires separately capturing time-variant and time-invariant covariates, as these two types of
covariates provide different types of user preference signals while also introducing potential con-
founding effects. In this article, we contend that these two types of covariates should be modeled
independently. Time-variant covariates, consisting of various time-variant factors, risk overempha-
sizing recent trends or highly popular content if integrated into user modeling based on correlations.
Separately modeling time-variant covariates allows for more precise modeling of the causal rela-
tionships among these time-variant factors and their confounding effects on the treated news and
outcoming user satisfactions. Similarly, by isolating time-invariant covariates, recommenders can
more accurately represent inherent user preferences independent of time, mitigating the impact of
fluctuating noise and confounding effects arising from redundant associations. Therefore, separately
modeling covariates in news recommendations from time-variant and time-invariant perspectives
enables a more nuanced handling of confounding effects.

In this work, we approach the news recommendation task from a causal perspective, carefully
addressing both time-variant and time-invariant covariates to accurately model the evolving
causal influences of exposed news items on users’ satisfaction. Previous sequential recommenders
effectively captured information from sequences of historically interacted items. However, these
models primarily rely on correlations between time-variant factors and interacted items, rather than
explicitly learning the causal relationships between them over time, separate from time-invariant
factors. To explicitly model the evolving causal relationships of time-variant covariates, we utilize
a transformer-based causal block to incorporate news popularity and recency. Simultaneously, we
extract users’ inherent preferences from extensive textual information using Large Language
Models (LLMs), treating these preferences as the positive component of time-invariant covariates.
In general, we design a CAuSal Time-aware Recommender (CAST-Rec), aiming to make
recommendations based on the estimation of user satisfaction by modeling the evolving causal
influences of news exposures. Although our primary focus is on news popularity and recency,
CAST-Rec is adaptable and can seamlessly incorporate other time-variant factors that may be more
prominent in specific scenarios.

We conclude our contributions as follows:

—To understand the causal influence of recommendations on user satisfaction over time, we
are the first to consider the evolving causal influence of news exposures.
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—To effectively model complex dependencies among time-variant factors, we design a transformer-
based causal block to address the time-variant covariates.

—To carefully capture time-invariant covariates, we utilize the semantic understanding, gener-
alization, and generation capabilities of LLMs.

—To validate the effectiveness of our proposed CAST-Rec, we conduct extensive experiments
on two real-world news recommendation datasets.

2 Task Formulation

We denote a user u € U and a news item v € V, where U and V are the sets of users and
items, respectively. In this article, we re-scrutinize the task of news recommendations from a
causal view. For each user u, the exposed item and the corresponding user satisfaction are treated
as treatment and outcomes, denoted as variable V and variable S, respectively. To represent the
evolution of time, we define a set of time slices 7 = {T; € R}, the past time period is denoted
as Ty = {Ty,...,T;}, and the prediction time is denoted as T;;;. In this work, we use sub-
scripts to denote time. For example, the news item exposed at time T; is represented as v;, the
sequence of news item exposed in the past is denoted as V.;. To model the evolving causal influ-
ence of V on S, we consider both time-variant covariates C and time-invariant covariates C.
For time-variant covariates C, ¢; generally refers to the value of any time-variant covariate
at time T;. We incorporate two time-variant factors as time-variant covariates: news popular-
ity P and recency R. Popularity and recency during the past time period T, are indicated as
P = {pflo € Vi, 1 <i < t}and Ry = {rf|o € Vi, 1 < i < t}, where p? denotes the popularity
of the exposed news item o at time T;, r; denotes the corresponding recency. For time-invariant co-
variates C, we learn ¢ for the user u from the user’s long-term browsing history and/or demographic
information.

2.1 News Recommendation from a Causal View

News recommendation methods predict users’ preferences on candidate news items by analyzing
their browsing history, where time is crucial. To capture the evolving causal relationship between
exposed news items and user satisfaction while accounting for time, we consider both the causal
influences of time-variant covariates and time-invariant covariates.

2.1.1  Covariates and Confounders. To clearly articulate our causal model, we first introduce
covariates and confounders, with a particular focus on their relationships and distinctions.

A covariate is an endogenous variable that is observed in the scope of causal study and correlated
with both the treatment variable and/or the outcome variable. In a causal study, covariates can serve
as confounders, predictors, mediators, or nuisance variables, but only confounders directly affect
the validity of causal inference. Covariates do not always introduce bias but provide additional
information and can therefore be included in predictions.

A confounder is a specific type of covariate that simultaneously influences both the treatment
and the outcome variables while not affecting the causal pathway between them as mediator. In
causal inference, a confounder introduces bias into the estimation of causal effects because it builds
spurious associations between the treatment and outcome variables. Therefore, additional tech-
niques, such as backdoor adjustment or stratification, are required to carefully address confounders
and ensure accurate causal estimation.

Previous studies have either solely addressed confounding effects 3, 4] or treated temporal factors
as additional information [8, 9, 22, 31]. In this article, we consider both the additional information and
the confounding effects introduced by time-variant covariates C and time-invariant covariates C.
Taking the recency of browsed news R as an example time-variant covariate, it can improve
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© V:exposed news v,

C :
/ \;&\ : S: user satisfaction s;

S i C: time-variant covariates C, e.g.

v i popularity Py.; , recency Ry.¢ .
Treatment\’K - /Outcome ¢ C: time-invariant covariates C, e.g.
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Fig. 2. A structural causal model illustrating the confounding effects of covariates in news recommendations.
Exposed news item v;41 at prediction time Ty, is treated as the treatment and user’s satisfaction s;4; on
the item is treated as the outcome. This causal model considers both the confounding effects sourced from
the time-variant covariates C for the past time period T1.; and the confounding effects sourced from the
time-invariant covariates C. As indicated by the crosses, we address the confounding effects from the time-
variant covariate C and the time-invariant covariate C via mitigating the information flow of paths C — §
and C — V, respectively.

the system’s accuracy by capturing nuanced user preferences related to the additional temporal
information. However, recency R also introduce confounding effects by simultaneously influencing
item exposures V and users’ satisfaction S, as users may remain continuously focused on recently
occurring news events.

2.1.2  Structural Causal Model. To address the confounding effects from both time-variant and
time-invariant covariates, we depict the causal relationships in the scenario of news recommen-
dations with a structural causal model. In the structural causal model depicted in Figure 2, the
exposed news v;4; at time T4 is considered as the treatment variable, while the corresponding
user satisfaction S as the outcome representing how much the user likes the exposed news. Figure 2
also represents the two types of confounding effects sourced from time-variant covariates C and
time-invariant covariates C, respectively. Directed arrows in Figure 2 depict the information flow
from the cause factor to the effect factor, indicating that the child node is influenced by the ancestor
node. Each edge is depicted as follows:

—V — S shows user satisfaction with the news item recommended by the system.

—C — V shows how time-variant covariates, such as the popularity and recency of correlated
news items, influence the next news exposed to the user.

—C — S indicates the evolving nature of user preferences, showing how time-variant covariates
influence user satisfaction with exposed items.

—C — V indicates user’s time-invariant preferences which can be learned from the user’s
browsing history and/or demographic profile, will implicitly influence whether the news item
will be exposed to the user by the system.

—C — S shows that the user’s time-invariant preferences which can be learned from browsing
history and/or demographic profile affects their satisfaction toward the exposed news.

From a causal view, we aim at calculating the next recommended news item by predicting user sat-
isfaction via estimating the causal influence of path V. — S. To this end, we have to carefully address
the two types of confounding effects introduced by time-variant and time-invariant confounders
to effectively leverage the benefits of these covariates while mitigating the drawbacks.

2.2 Confounding Effects on Recommendation

In Figure 2, we categorize the confounding effects of these three variables into two types: time-
variant and time-invariant. This section will elaborate on how we account for and address these
two types of confounder and their adverse effects on recommendations.
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2.2.1 Time-variant Confounding Effect. In this article, we consider two time-variant covariates:
news popularity P and recency R. The popularity and recency change over time and can be derived
from covariates in past user interactions. For example, the recency of a news v browsed at time T;
can be calculated as T; — T,, where T, denotes the release time of the news article v or the first time
the news v appears in the system, T, < T;. The time-variant covariates C = {P, R} concurrently
influence both the exposed news treatment V and the outcome user satisfaction S. Specifically, at
time T; € Ty, substituting C by P, the path C — V in Figure 2 indicates that when the system
selects exposed news v, it considers the news popularity p? at time T;; the path C — S shows that
users’ satisfaction for this news v can be influenced by its current popularity p7, where generally
popular news is more likely to gain favor. A similar situation holds for the recency variable R.

The confounding effects of time-variant covariates C negatively influence the estimation of the
causal relationship between V and S because it provides a backdoor path V «— C — S. Treating
item popularity P as a time-variant covariates, this confounding effect is also known as popularity
bias in recommender systems. For example, political news is rarely viewed by the youth, who
are more active on the news platform compared to the middle-aged demographic. However, the
middle-aged, who have an interest in political news, may not be exposed to these news items
if the system is largely influenced by popularity. In this article, we initially apply time-aware
stratification to separate these time-variant covariates, i.e., news popularity P and recency P, from
the interacted news items, then address the confounding by blocking the backdoor path C — S using
the CAST-Rec framework. The rationale of time-aware stratification will be detailed in Section 3.1,
and our proposed CAST-Rec will be introduced in Section 3.3.

2.2.2  Time-invariant Confounding Effect. As for the time-invariant covariate C, we account for
the news content extracted from browsing history or user demographic profiles. Although these
time-invariant features bring benefits to the prediction, they also bring confounding effects by
concurrently influencing both the exposed news treatment V and the outcome user satisfaction S,
as shown in Figure 2. Specifically, the path C — V illustrates that the system’s exposures implicitly
mirrors time-invariant user inherent preferences; concurrently, these time-invariant preferences C
also explicitly reflected in the satisfactions S, represented by path F — S.

Similarly, these time-invariant features from either browsing history or demographic profile
C introduce confounding effects through a backdoor path V.« C — S. To carefully leverage
the time-invariant covariate, we extract and incorporate the textual information from extensive
browsing sequences into our predictions, while blocking the implicit influences of the path C — V
to circumvent the confounding. In this article, the proposed CAST-Rec extracts and models the
information flow through the path C — V with LLMs, as elaborated in Section 3.3.

2.3 Problem Formulation
Based on the structural causal model depicted in Figure 2, we formulate the problem we focus in
our proposed CAST-Rec for news recommendations as below.

PrOBLEM 1 (NEWS RECOMMENDATIONS). For each user u, we aim to learn a news recommendation
model g that is capable of predicting user satisfaction score s;+1 based on estimating the causal effects
of exposed news items v;,1 at prediction time T;4q:

st+1 = 9(v2411C, Vi, Pry, Ryy), (1)

where V., includes the historical browsed news items, P1.; represents the corresponding popularity,
and Ry.; involves the recencies during the past time period T1.;. The extracted preferences of user u
acting as time-invariant covariate are represented as C.
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Fig. 3. Overview of our proposed CAST-Rec framework.

3 Methodology

We propose CAST-Rec to predict user’s satisfactions on exposed news by estimating the evolving
causal relationship between them, taking into account both time-variant and time-invariant co-
variates. Before learning the evolving influences, we first prove the rationality of independently
modeling the exposed news and the time-variant covariates (i.e., news popularity and recency)
in Section 3.1. Then, as shown in Figure 3, CAST-Rec carefully leverage the information sourced
from time-invariant covariates with LLMs (Section 3.2) and time-variant covariates with a series of
transformer-based causal blocks (Section 3.3), respectively.

3.1

Before learning, we carefully investigate the rationality of independently modeling the treatments
variable (i.e., exposed news) and the time-variant covariates (i.e., time-variant factors such as
recency and popularity). Inspired by previous works on causality [2, 21], we employ a commonly
used stratification method to retrieve the independence between the treatment news V and time-
variant covariates C in Figure 2, allowing for separate modeling of the covariates and the treatment.
This section first introduces the rationale of stratification method in causality, then theoretically
prove the independence of C L V based on the structural causal model in Figure 2.

Causality Preparation: Time-aware Stratification

3.1.1 Stratification in Causality. The idea of stratification is to divide the data into two or more
distinct strata (i.e., subgroups) such that the confounder C and V are independent of each other
in each subgroup. A key challenge of applying stratification is how to divide users to ensure that
within each subgroup, the independence C 1L V always exists. To resolve this, we divide subgroups
by numerous time slices, the time intervals of which tend to be infinitesimal. Within each subgroup
with time slices T;, the time-variant covariates can be regarded as static. Specifically, based on the
casual model shown in Figure 2, the probability of the exposure of news item at time T; can be
presented as P(V = 1|C = ¢;, C). At time T;, the user either be exposed with news item or not; only
the satisfaction S of the users who are exposed to the news is taken into account. However, for the
recommendations in a past time slices T; € Ty, the partition of users who are exposed with the
news item is determined, yielding the independence of C 1L V. The following subsections proves
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the effectiveness of this time-aware stratification. For simplicity, we omit v and the time-invariant
variable C for the probability P(V = 1]c;, C).

3.1.2  Proof of Independence. We aim to prove the independence within each subgroup that
T; € Ty in order to separately model the time-variant covariate variables (i.e., popularity and
recency of items). With any subgroup T; and the corresponding time-variant covariate C = ¢;, each
user u has either been exposed to the news v (divided into partition u € U;) or not being exposed
to the news v (divided into partition u € U,). For simplicity, we omitted the notation v of news.
Formally, the two partitions of users can be presented as:

U, ={ue U|IP(V=1|c;, uy)y =1=P(V=1|u)} and
U, ={u € U|IP(V=0|c;, u) =1=P(V=1|u)}, 2)
UVU, =U
where P(V = 1]c;, u) represents the probability of news item V has been exposed to user u given
the time-variant covariate C = ¢;. Intuitively, the user variable U is independent of all the variables

in Figure 2. Given the causal graph in Figure 2, within the subgroup of T;, the probability of V =1
can be represented as below:

P(V = 1|C = Ci)
(@) > P(V=1C=c,U=u)P(U=ulC=c)
uel
LL N P(V=1U=wPU=uC =)
uel,
+ Z P(V=1U=u)P(U=u|C =¢;)
uel,

(c)

Z P(V=1|U=u)P(U=ulC =c;)
uel;

L N P(V=1U=u)P(U=u) =P(V=1),
uel,

where Equation (a) uses the law of total probability by conditioning on all possible users U,
Equations (b) and (c) are based on Equation (2), and Equation (d) is based on the independence
U 1L C. Therefore, the time-variant covariate C is independent of the news exposure V. Given
C 1L V| U, we are able to separately model the covariate C and exposed items V. In this article, we
account for both item popularity and recency for time-variant covariates, C = {P,R}. A detailed
illustration of how we leverage these time-variant covariates will be given in Section 3.3.

3.2 LLM for Time-invariant Covariates

Considering the confounding effects of backdoor path V.« C — S, CAST-Rec utilizes LLMs to
extract the essential information flow of C — S from historical browsing sequences, while mitigating
the path C — V. This is motivated by the following three key capabilities of LLMs: (1) The powerful
semantics understanding capability of LLMs empowers them to uncover nuanced user interests
by interpreting deeper meanings embedded within content. For instance, when analyzing news
articles, LLMs can go beyond understanding the explicit semantic meaning to capturing subtle,
implicit emotions, such as the humor or hilarity associated with mentioning a specific comedian’s
name. This ability to detect both semantics information and hidden emotional cues enables LLMs
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to deliver more personalized and contextually aware recommendations. Traditional methods, such
as using language models like BERT, may overlook these nuances and fail to capture inherent user
preferences effectively during user modeling. (2) The generalization capability of LLMs is harnessed
to abstract away minor variations, generating a meaningful time-invariant representation based
on users’ historical interactions. For example, while the content of a news article remains static,
underlying elements like writing style may subtly evolve over time. These changes, although time-
varying, are too subtle to justify modeling explicitly as time-variant variables. In contrast, traditional
approaches like content-aware attention may inadvertently incorporate these subtle time-varying
features, leading to potential noise and reduced clarity in the resulting representations. (3) The
generative capability of LLMs enhances transparency by producing human-readable summaries of
previously browsed news. By distilling complex data or lengthy content into concise summaries,
LLMs provide users with a clearer understanding of the underlying information, making it more
accessible and actionable. Specifically, these summaries allow users to directly observe how the
system models their inherent interests in news articles, independent of temporal factors such as
writing style or popularity. In contrast, traditional methods including attention mechanisms often
lack the ability to explicitly express how user interests are represented, making their decision-
making process less interpretable and transparent.

The employment of LLMs here contributes in a two-fold manner: (1) mitigating the path C — V:
The time-varying nature of the historical browsing sequence Vi, arises from its ordering based on
interaction time. Therefore, directly encoding this sequence as a time-invariant covariate C using
language models is inaccurate. However, when browsing news items are shuffled, the advanced
generative capabilities of LLMs allow them to identify and isolate inherent preferences that remain
consistent over time. (2) Enhancing the path C — S: The purpose of encoding historical browsing
contents in news recommendations is to capture inherent user preference from the textual data [22].
LLMs are capable of understanding complex language patterns and semantics from vast amounts
of textual information, allowing them to provide highly contextualized and concise summaries.
These diverse yet concise summaries generated by the LLMs helps capture the nuances of user
preferences, thereby enhancing the modeling of C — S.

Specifically, to capture user time-invariant inherent preferences from the browsing history, there
are intuitively two approaches: (1) encoding the news content with language models first and then
concatenating it as a sequence, or (2) concatenating first and then encoding. This approach aims to
incorporate the user’s interactions with various news items over time, providing a comprehensive
view of their interests. The modeling of sequential information in the first method heavily depends
on the performance of language models and can harm the semantic coherence between two
consecutively browsed news items. Therefore, we adopt the second approach, first concatenating
the textual feature f° (e.g., title, abstract, category of news), of each news item v in chronological
order. In CAST-Rec, we adopt the title for its balance between being informative and concise. The
textual information of news features browsed over past time period T;.; can be represented as
N fl ... |l f%, where v; represents the news item interacted with at time ¢. Furthermore, given
that an extensive browsing history for active users introduces redundant relationships, we aim
for user interests to be concise and consistent over time. The concatenation 2 || f% || ... || f% of
news contents is formatted with a prompting template Template(-) as shown in Figure 4, which
instructs the LLM to summarize the essence of user interests with one sentence. This process yields
a formatted personalized history Prompt = Template(f* || f%||...|| f*). By providing a clear
and structured prompt, the LLM can effectively generate concise and relevant summaries that
capture the essential aspects of the user’s interests. The box in the upper left corner of Figure 3
shows an example of a prompt. Then, this personalized history Prompts is tokenized into the input
sequence of tokens X = (xy,x2,x3, ..., X;), where m is the length of input sequence. The LLM
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Given the shuffled sequence of news titles as

. below, you need to summarize this user’s

- preference in ONE sentence. <Multiple Houses on

Fire After Plane Crashes in NJ, Trump shooting: The

Engineer plan and the botched security, A speaking
invitation to Donald Trump ... >

Based on the sequence of news titles provided, the
user appears to have a strong interest in crime and
politics, as well as unusual or extreme events.

Fig. 4. An example prompt template used in the chat with the LLM.

generates an output sequence, we take the last hidden states of this generation as the representation
of time-invariant user interest ¢. For a LLM with a number of layer denoted by L(-), we can have
the time-invariant user representation as follows:

C_g)  _ 1) p(-1) (I-1) (I-1)
e“=H)") =LO®m"V nY L) 3)
where HEIL) ' represents the hidden states of the LLM at the last layer, h;l_l) € R¥ is the embedding

of ith token at the I-1th layer, and ¢ € R is the representation of user interest at the last layer, d;
is the dimensionality of the output from the LLM model.

This time-invariant user interest ¢ can be decoded into an explicit one-sentence user interest
summarized from the browsing history. Since only news titles are used along with the prompt
instructions, and without inputting any temporal information, the output ¢ is expected to capture
the essential user interests, which are consistent over time.

3.3 Time-aware Modeling for Time-variant Covariates

Based on the time stratification preparation in Section 3.1, we are capable of separately modeling the
treated exposed news and potential time-variant covariates. This section consider two time-variant
covariates, i.e., news popularity p € P and recency r € R, and conduct time-aware modeling to
carefully leverage these two time-variant covariates.

3.3.1 Popularity. The Click-Through Rate (CTR) of a news item can be calculated at four
different granularities: news category, news subcategory, the news item itself, and words in the
news title. For example, the CTR based on news category represents the probability of a click
occurring on news items within the same category as the exposed item v, given that news items in
the same category are exposed:

Pe e S S = 1o T)), (@

7
|ﬂlv ||(Vcatvl uewlv’ o’ eYeaty

where u € (Lll”/ C U, represents the set of users exposed to news item v’, v’ € V% represents
the set of news items in the same category of the exposed item v, and the conditional probability
P(S = 1]u,v’, T;) represents the probability of user u clicks given the exposure of item v’ at time T;.

3.3.2  Recency. The recency of news is calculated by the reciprocal of the difference between
current time ¢ and the time that it was first exposed in the system. Similar to the popularity,
the recency also experimented with the four different granularities. Formally, the category-level
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recency of news item v at time T; can be represented as follows, denoted by r{ € R:
r{ = min(0, miny cqpeats (T; — Ty)), (5)
where T, denotes the first time that news v’ € V4 is exposed to any user u € U in the system.

3.3.3  Multi-input Causal Block. As time-variant covariates, the news popularity and recency
provide invaluable information for making predictions. To this end, we employ a transformer-based
multi-input causal block to model the evolving causal influence between these covariates and
exposed news items, aiming to improve the prediction of user satisfaction.

Inputs. For each past time slice T; € Ty, three time-variant variables are treated as the inputs:
(i) treatment variable exposed news v;, corresponding (ii) covariate variable news popularity p;, and
(iii) covariate variable news recency r;. For simplicity, we omit the notation of v for the popularity
and recency here. Given the differing dimensions of these three time-variant variables, each input is
projected through its respective multi-perception layer before being processed by the causal block
layers. Note that the embeddings for exposed news are initialized using Xavier uniform initialization.

For instance, exposed news items arranged in chronological sequence Vit = {v1,0,,...,0;} are
formally projected as the following formulation:
Hy = MLP*(o; [0z ]| ... || v), (6)

where H(\)/ € R%*! ig the hidden representation of the series of treatments at time T, d is the
dimensionality of hidden representation in CAST-Rec. The projection network is a multi-layer
perceptron MLPV consisting of two linear layers with the Tanh activation function in between.
Similarly, the news popularity P, € R? and the news recency Ry, € R are projected using MLP?
and MLPR, respectively, yielding HY and ng. Both MLP? and MLP® consist of two linear layers
with an ELU activation function in between. This difference arises because the ELU activation
function is particularly effective for positive inputs. This is the case for popularity and recency as
formulated in Equations (4) and (5). In contrast, the Tanh activation function helps to normalize
the embedding of exposed news.

Self-/Cross-attention. The initially hidden representations HY, HY, HY for exposed news, popu-
larity, and recency are then inputted into the transformer-based causal block. Specifically, they
are first fed into multiple attention heads, each requiring a set of query, key, and value vectors,

d:
denoted as Q("), KM ym ¢ RTXNZ, respectively. The attention heads are indexed by n, and there
are N such heads in total. For any initial hidden representation Hy € {Hy, H}, H{ }:

Q" =HoWy" + 165"
K™ =Hw™ + 1607, (7)
v =How, ™ + 167

where WQ(n), ngn), W‘ﬁ") c REx% represents weights for the ith self-attention head, b(Q"), b}:) ,

dy ds
b‘(,") € R~ are the biases for query, key, values, respectively, and 1 € R~ is the vector of ones. The
attention values in the ith head are formally computed as follows:

oMK (mT o

Attn™ QM k™ vy = softmax (8)
%
The outputs of these N attention heads are then concatenated:
MHA(Q,K, V) = (Attn'©, .., Attn'™, .., Atrn™)). (9)
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We first compute the self-attention representation H. By substituting the hidden representation Hy
in Equation (7) with HB’, we can calculate the respective query, key, and values QV, KV, VV. For sim-
plicity, we omitted the index i for multiple heads. Consequently, the self-attention representation
HY-() at the Ith causal block is computed as follows:

H" D = selfArt(HY), (10)
SelfAtt(H") = LN(FF(MHA"W (QV, KV, vV)) + HV-(~1), (11)

Here, MHA®) represents the multi-head attention in Equation (9) in the Ith blocks, the feed-forward
network is denotes as FF(-) = Linear (ReLU (Linear(-))), and LN (-) stands for linear normalization.
To avoid over-fitting, the final linear projection layer present in the original transformer decoder
[32] is omitted. Similarly, the variables P and R of news popularity and recency are also self-
attentively embedded into H>() and H®®| respectively. Calculating self-attention allows the
model to better understand intra-variable evolving dependencies.

Next, we compute the pairwise cross-attentions H to capture inter-variable evolving depen-
dencies. Given self-attention outputs H from Equation (11), the cross-attention can be calculated
from both directions: taking the cross-attention between V and P as an example, using H" as the
query and H? as the key and values, and vice versa. Calculating cross-attention in both directions
allows the models to fully capture the evolving dependencies over time. Specifically, beyond the
causal influence represented by V; — P; at time T;, the exposure v; will also influences the news
popularity at time p;", denoted by V; — Py,y:

HYPW = CrossArt(HY, HY)

. .. . > (12)
A"V = crossAtt (P, HY)

CrossAtt(HY, H') = LN(FF(MHA"W (QV, K%, V")) + HY), (13)

where CrossAtt(H?, H) is calculated in the similar way as CrossAtt(HY, H?). This process helps
the model understand how the covariates influence the exposure of news items over time. By
learning these dependencies, the model can make more accurate predictions based on the combined
effects of news exposures V, popularity P, and recency R.

After computing the cross-attention, a feed-forward layer is adopted to combine all the relative
information of a variable, for example,

HY = FF(HY?, HY). (14)

Finally, after L multi-input causal blocks, the final output will be self-attentive aggregated into a
time-variant user representation:

eC = SelfAtt(HY || HY || HY). (15)

Position Encoding. In the original transformer model [32], positional encoding is used to preserve
the order of hidden states within a sequence, as the attention mechanism tends to overlook order
information. This position encoding is crucial in news recommendations to ensure that the temporal
sequence of news exposures is accurately captured.

In our multi-input causal block, we employ relative positional encoding. This choice is made
because absolute time information is already captured in the representations of news popularity
and recency, which are calculated based on timestamps. Relative positional encoding allows us
to focus on the relative time distances between news items, which is essential for modeling the
evolving influence of earlier news exposures on later interactions. Considering the news items at
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position T; and T; for any T; < T}, we have the following modifications to the key and value in
the attention calculation:
K
] i M/l

i (16)

J

where WK and WV € R¥V are two relative positional encoding matrices apphed to the keys

and Values in the attentlon mechanism, respectively. Then, the scores o i and (x ; are used to adjust
the attention score Attn(Q, K, V); from Equation (8):

K’
Attn(Q,K,V); = Zsoftmax,- Qik; V;
= \/g : 17)

’
_ 4
K =Ki+a), Vi =Vi+a),

where softmax; calculates relative to position T;. Note that the latter position T only participates
in the attention calculation for past positions T; or itself.

3.4 Recommendation

Last, CAST-Rec makes predictions by integrating the causal influences from the exposed items and
the two covariates, via three information flows C — S,V — S, and C — S, respectively.

Objective. At prediction time Tyy1, we calculate the representation of any candidate news item 9

for exposure based on its popularity plf 1> fecency r[ oE

= MLP(MLPY (6) || MLP® (p?,)) | MLPR (2, ), (18)

where we use an MLP(-) that includes two linear layers with ELU activation function to project
the candidate news item into the matching space. Then, we estimate the user satisfaction s;1:

s = (e ]| €9)7T - €. (19)

We trained our CAST-Rec model using the Bayesian Personalized Ranking (BPR) loss [26],
which aims to maximize the difference in the user satisfaction scores between positive and negative
candidate items. Formally:

1 ,
Lovw = =10 (z,,;‘eo Ino(s’ —s”), (20)

where s? and s? are the predicted user satisfaction scores for news items v and o', respectively.
O ={(v,0")|v € O*, v’ € O~} is the training data, O* involves the positive interacted news items,

while O~ is the sampled negative interacted news items, o(x) = I +e*x is the sigmoid function.

Interpretability. Regarding the interpretability of the recommendation process, CAST-Rec intro-
duces the following advancements: First, it applies causal inference to uncover more interpretable
variable relationships compared to correlation-based methods. Second, it accounts for confounding
effects from both time-variant and time-invariant covariates, reducing spurious correlations that
introduce bias and improving model transparency. Third, CAST-Rec leverages LLMs to gener-
ate content that explicitly reflects users’ time-invariant interests, providing a clear view of their
inherent preferences and enhancing user trust in the system.
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Table 1. Statistical Information of Datasets

Datasets #Users #Items #Interactions  Density
MIND-small | 1,809 12,668 37,801 1.80 x 1074
MIND-large | 110,780 26,313 1,305,190  0.69x 1074

4 Experiments

To validate the effectiveness of our proposed CAST-Rec, we have conducted extensive experiments
on two real-world news recommendation datasets to answer the following research questions:

— RQ1: How does our proposed CAST-Rec perform in the news recommendation task compared
to State-of-the-Art (SOTA) news recommenders?

—RQ2: How do different LLMs impact the performance of CAST-Rec?

— RQ3: How do different hyperparameters in CAST-Rec affect its performance?

— RQ4: How efficient is CAST-Rec?

4.1 Experiment Settings

This section presents the datasets, baselines, evaluation protocol, and implementation details used
in our experiments and comparisons to validate the effectiveness of CAST-Rec.

4.1.1 Datasets. We evaluate the effectiveness of our proposed CAST-Rec on the two public
news recommendation datasets: MIND-small and MIND-large [49]. MIND dataset is collected from
user behavior logs on the Microsoft News platform. The author randomly sampled 1 million active
users with more than five news clicks on the platform during the period from 12 October 2019
to 22 November 2019. Similarly, the MIND-small version randomly samples 50,000 active users
and their behavior logs. For each user, click behaviors before this time period are regarded as
history, while exposed news and user interactions in this period are formatted into impressions.
Different from the original MIND dataset, we organize the impressions into a series of accumulated
sequences arranged chronologically by the timestamp of each impression. To exclude very short
impression sequences [1, 25], we filtered out those with fewer than 10 behavior logs. Following
common practices in the sequential recommendation, we compile the most recently clicked news
for each user into the test set and the second most recently clicked news into the validation set.

Furthermore, MIND contains over 160,000 English news articles, each featuring rich textual
content, including the title, abstract, and category. The popularity of each news article is calculated
based on its click-through rate within a recent time window [4, 22]. The recency of each news article
is represented by the time elapsed since its initial exposure in the system, regardless of whether
it was clicked [17, 22]. Details of MIND-small and MIND-large datasets used in our experiments
are formatted in Table 1. The interaction distributions of news in these two datasets are visualized
in Figure 5. It can be observed that there is a complex correlation between the publish time of
news items and the corresponding interactions, indicating that relying solely on recency as the
time-variant covariate is insufficient for modeling time-aware causal influences. Additionally,
compared to MIND-small, users’ interactions in the MIND-large dataset have higher variance.

4.1.2 Baselines. In our experiments, we have compared our proposed CAST-Rec with three
categories of NRSs as follows.

Traditional NRSs represent user preferences based on news textual information while ignoring
the evolving time. We selected four common news recommenders:
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Fig. 5. Interaction distributions with respect to the interacted time (i.e., Timestamp)in the two datasets.

—DKN [34] utilizes a knowledge-aware convolutional neural network that integrates seman-
tics and knowledge-level representations of news and an attention module to dynamically
aggregate use history with current candidate news.

—NPA [44] integrates a CNN-based news representation model and a user representation model
with word- and news-level attention mechanisms, enhanced by a personalized attention
network using user ID embeddings to tailor the representation of news and users.

—NRMS [45] leverages multi-head self-attention in encoding the news titles and user browsing
history, supplemented by additive attention to highlight important words in news content for
more informative representations.

—NAML [43] unifies the representations of news titles, bodies, and categories from user browsing
history with attention at both word- and user-interest levels.

Sequential NRSs incorporate sequential information from user browsing history in addition to news
content. We include three models in this category:

—LSTUR [1] learns long-term user representations from user ID embeddings and encodes
short-term user representations from history-browsed news contents.

—CAUM [23] incorporates a candidate-aware CNN network for modeling short-term user
interests and a candidate-aware attention network for aggregating previously clicked news to
build a comprehensive candidate-aware user representation.

—MINS [36] designs a GRU-based interest network to extract potential multiple interests of
users from their historical browsed sequences.

Temporal NRSs consider temporal data into predictions, represented by the following two methods:

—PP-Rec [22] combines a personalized matching score based on user browsing history with a
news popularity score that encodes click-through rates, recency, and news content.

—TCCM [4] analyzes the causal effects of time, news popularity, and the alignment score between
news content and user interest in user behaviors, and it also estimates news popularity by
learning from the granularity of entities and words.

4.1.3  Evaluation Protocol. The recommendation performance of our CAST-Rec is evaluated
using the following metrics, all of which are commonly employed in similar tasks in [4, 14, 22, 44].

—Mean Reciprocal Rank (MRR) considers the rank position of the first target item in the
ranked list. A higher MRR score indicates better performance.
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Table 2. Recommendation Performance Comparison of CAST-Rec with Nine Baseline Models on the
MIND-Small and the MIND-Large Datasets

Model MIND-small MIND-large
MRR  AUC NDCG@5 NDCG@10 MRR AUC NDCG@5 NDCG@10
DKN 0.3092  0.6011 0.3312 0.3936 0.3217  0.6196 0.3479 0.4055
Traditional NRS NPA 0.3163  0.6329 0.3522 0.4001 0.3309  0.6542 0.3671 0.4197
NRMS 0.3122  0.6407 0.3457 0.4066 0.3310  0.6602 0.3599 0.4201
NAML 0.3451  0.6631 0.3699 0.4309 0.3620  0.6834 0.3823 0.4652
LSTUR 0.3466  0.6810 0.3812 0.4428 0.3612  0.6982 0.3901 0.4519
Sequential NRS CAUM 0.3513  0.6819 0.3892 0.4557 0.3723  0.7059 0.4099 0.4698
MINS 0.3562  0.6863 0.3907 0.4598 0.3707  0.7068 0.4102 0.4744
Temporal NRS PP-Rec 0.3909 0.7112 0.4298 0.4966 0.4179  0.7302 0.4470 0.5098
TCCM 0.4198  0.7235 0.4651 0.5291 0.4402  0.7499 0.4896 0.5467
Ours CAST-Rec 0.4513 0.7303 0.4992 0.5419 0.4697 0.7521 0.5186 0.5609
Improv. 7.50%  0.94% 7.33% 2.42% 6.70%  0.29% 5.92% 2.60%

Bold font is used to denote the best performance, while underlined font represents the second-best performance.

— Area Under the Curve (AUC) takes both the true-positive rate and false-positive rate into
account. A model with a higher AUC is better at distinguishing between positively interacted
items and negative items.

—Normalized Discounted Cumulative Gain (NDCG)@XK accounts for the position of target
items in the top-K ranked recommendation list and assigns higher importance to items in
the front positions. Following previous works, we consider both NDCG@5 and NDCG@10,
where a higher score represents better ranking performance.

4.1.4 Implementation Details. Our proposed CAST-Rec model is implemented using PyTorch
and is trained on a single NVIDIA GeForce RTX 3090 GPU. The learning rate for CAST-Rec is
selected from the values [5e-3, 3e-3, 1le-3, 5e-4, 3e-4, le-4], while the batch size is chosen from
[64, 128, 256], and the dimensionality is selected from [8, 16, 32]. The model employs a dropout rate
of 0.1, with a maximum sequence length of 5. We utilize two heads for the multi-head attention
layers in CAST-Rec. For a fair comparison, all other baseline models are also trained on a single
NVIDIA GeForce RTX 3090 GPU. Additionally, we adopt LLaMA-2-7B, LLaMA-2-13B, and Vicuna-
13B models from Hugging Face for encoding time-invariant information. Specifically, the result as
detailed in Table 2 is based on the inference on Vicuna-13B. The LLM inference is conducted using
one NVIDIA A800 GPU. This setup ensures that the performance of CAST-Rec and the baseline
models is evaluated under comparable hardware conditions, allowing for a rigorous assessment of
the proposed model’s capabilities.

4.2 Recommendation Performance (RQ1)

In this section, we evaluate the recommendation performance of CAST-Rec by comparing it with
nine SOTA NRSs. These baseline models include a range of approaches, from traditional news
content-matching models to sequential and temporal news recommendation models. We conducted
experiments using widely recognized real-world news recommendation datasets, MIND-small and
MIND-large, to ensure a robust evaluation. We compare the models based on three key metrics:
MRR, AUC, and Top-K NDCG@K. Consistent with previous studies [4, 22, 44], we set K=[5, 10] for
our evaluations. The comprehensive comparison aims to highlight how CAST-Rec performs relative
to existing models in capturing user preferences and delivering relevant news recommendations.
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Through experiments on MIND-small and MIND-large datasets, we provide insights into the
effectiveness of our model across different dataset sizes.

We present the experimental results in Table 2. When compared to the best performance of
previous models, specifically TCCM [4], our proposed CAST-Rec achieves notable improvements.
Specifically, CAST-Rec outperforms TCCM by 7.50% and 6.70% in MRR and by 7.33% and 5.92% in
NDCG@5 on the MIND-small and MIND-large datasets, respectively. These advancements can be
attributed to two primary factors:

— Modeling Evolving Causal Dependencies: CAST-Rec effectively captures the evolving causal rela-
tionships between exposed news content and two time-variant covariates, thereby
enhancing the modeling of user preferences over time. We achieve this by modeling both
intra- and inter-dependencies among exposed news, news popularity, and news recency using
masked self-attention and cross-attention layers within multi-input causal blocks.

— Leveraging LLMs: We utilize the semantic understanding capabilities of LLMs to generate
concise summaries that encapsulate users’ essential interests, which are then continuously
refined over time. By predicting these distilled interests, the system is more likely to select
the top-K news items that satisfy user preferences. The contribution and detailed analysis of
using LLMs are discussed in Section 4.3.

Despite the significant improvements in MRR and NDCG@5, the enhancements in AUC and
NDCG@10 are relatively modest, limited to 0.94% and 0.29% in AUC, 2.42% and 2.60% in NDCG@10
on the two datasets, respectively. This indicates a reduced improvement in the overall ranking of all
candidate news items compared to the enhancement seen for the news items ranked at the top. We
attribute this to the following two factors: First, CAST-Rec emphasizes items in the front positions
due to a relatively small sequence length (i.e., 5 in experiments). Second, the baselines already
demonstrate excellent overall ranking performance, making further improvements challenging.
In addition, compared to MIND-small, the improvements on MIND-large are not as significant.
A possible reason for this diminished improvement is that the MIND-large dataset contains more
inactive users, resulting in a more long-tailed distribution, as evidenced in Table 1 and Figure 5.

Table 2 also provides insights into the impact of incorporating temporal information in news rec-
ommendations. Traditional NRSs (DKN [34], NPA [44], NRMS [45], NAML [43]) rely on personalized
attention mechanisms to predict user preferences. However, they face performance bottlenecks. As
the best model in the first category, NAML [43] achieves around 0.37 in the MIND-small dataset and
0.38 in the MIND-large dataset, with regard to NDCG@5. The second category of NRSs, including
LSTUR [1], CAUM [23], and MINS [36], introduces sequential patterns in user interactions. These
models capture the order of user actions but do not fully account for the time-variant factors related
to the news items. For example, MINS [36] enhances recommendation performance by 5.62% in
MIND-small and 7.30% in MIND-large datasets with regard to NDCG@?5 by extracting multiple
user interests using several GRUs from their browsing history. Temporal NRSs, such as PP-Rec [22]
and TCCM [4], achieve the highest performance by modeling both the sequential and temporal
aspects of evolving user preferences. These models consider not only the order of interactions but
also the changing nature of user interests and news popularity over time. Specifically, PP-Rec [22]
makes predictions by combining popularity scores with personalized matching scores, while TCCM
[4] further advances this approach with causal interventions, leading to significant performance
improvements. TCCM [4] achieves the best performance among baselines with an NDCG@5 score
of 0.4651 in the MIND-small dataset, respectively. These insights underscore the importance of
integrating temporal information into NRSs to better capture the evolving nature of user interest
and news content.
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4.3 Different LLMs (RQ2)

In this section, we delve into the performance of our proposed CAST-Rec framework when enhanced
with different LLMs, conducting both ablation and case studies for analysis. Using metrics such as
MRR, AUC, NDCG@5, and NDCG@10, we quantitatively assess recommendation performance
under the enhancements of different LLMs. Additionally, we conduct a case study to closely examine
the details in the summaries generated by these LLMs.

4.3.1 Ablation Study. We begin with an ablation study on several LLMs of different scales,
demonstrating the effectiveness of introducing LLMs in our CAST-Rec. In particular, we consider
four different models, i.e., LLaMA-2-7B [30], LLaMA-3-8B [20], LLaMA-2-13B [30], and Vicuna-
13B [33].

—LLaMA-2-7B [30] is an autoregressive model in the LLaMA series [29] that utilizes large-
scale transformer architecture. LLaMA-2 [30] performs well in various natural language
tasks through Supervised Fine-tuning (SFT) and Reinforcement Learning with Human
Feedback (RLHF) to align generated texts with user instructions. LLaMA-2-7B consists of
7 billion parameters, balancing computational costs and semantics processing capability.

—LLaMA-3-8B [20] is an autoregressive model trained with 8 billion parameters, building on
its predecessors in the LLaMA family. It is also fine-tuned using SFT and RLHF, featuring an
expanded context window and enhanced reasoning capabilities, making it particularly useful
for complex natural language processing tasks.

—Vicuna-13B [33] is fine-tuned on 13 billion parameters using 125,000 user-shared conversa-
tional data. This enables it to achieve impressive performance in various natural language
tasks, such as question answering.

—LLaMA-2-13B [30] presents superior performance in various natural language tasks compared
to LLaMA-2-7B, owing to its larger parameter scale of 13 billion.

We replace the method for summarizing time-invariant user interests from browsing history with
the aforementioned four LLMs, alongside the performance of random user interest initialization
(without summarization, denoted as “random” in Table 3). The performance of CAST-Rec using
these five different methods to capture time-invariant user interests is evaluated using MRR, AUC,
NDCG@5, and NDCG@10, as shown in Table 3. Due to the significant computational costs, we
limited our experiments to the MIND-small dataset. Our findings are as follows:

4.3.2  Case Study. To control the quality of the time-invariant covariates extracted by LLMs, in
addition to using the hidden states, we also examine the corresponding generated texts. Specifically,
we randomly select two users, user 21 and user 883, from the MIND-small dataset and compare
the texts generated by different LLMs.

In Figure 6, the red squares represent the news titles arranged in the order of the user’s browsing
history, while the blue squares include the texts generated by LLMs. Content within the same
news topic is highlighted using the same text color, while incorrect topics generated by the LLMs
are specifically highlighted in gray. User 21 appears to prefer news related to social issues (red),
celebrities (green), and events in the United States, especially in the Bay Area (blue). In contrast,
user 883 shows a broader range of interests, favoring news about politics (red), entertainment
(green), sports (blue), and lifestyles (purple). It is observed that LLMs with smaller parameter sizes
(LLaMA-2-7B and LLaMA-3-8B) are more prone to generating incorrect topics, leading to poorer
performance. In contrast, larger LLMs can effectively capture users’ time-invariant preferences
through concise sentences, thereby improving user modeling in news recommendations. Moreover,
LLMs are adept at summarizing various entities within a single topic across different news titles
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Table 3. Ablation Studies Comparing the Recommendation
Performance of Random Initialization versus Initialization Using
Summaries Generated by Different LLMs for the Time-invariant
User Interest within Our CAST-Rec Framework, Evaluated on the

MIND-Small Dataset

Models | MRR AUC NDCG@5 NDCG@10

random | 04012 07109 04315 0.4661
04295 07149  0.4619 0.5007

LLaMA-27B | ) 0595  +056%  +7.05% +7.42%
04313 07183  0.4622 05019

LLaMA=3-8B | ;00 4104  +7.11% +7.68%
0.4487 07201 0.4893 05272

LLaMA-2-13B | 1) 64 +129%  +13.40% +13.11%
Vieuna13p | 04513 07303 0.4992 05419

+12.49% +2.73% +15.69% +16.26%

using general terms, which helps address the challenge of managing diverse textual representations
in recommendation systems. Additionally, these LLM-generated summaries are more informative
than the annotated categories of each news article.

4.4 Hyperparameter Study (RQ3)

In this section, we have conducted studies on two hyperparameters to investigate their influence
on recommendation performances: the dimension of hidden representations and the max length of
user historical browsing sequences.

4.4.1 Different Dimensions Influence on Recommendation. The left plot in Figure 7 illustrates
the effect of hidden representation dimensions on recommendation performance, measured by
NDCG scores at the top-5 and top-10 lists (NDCG@5, NDCG@10). A dimension of 32 yields the
best performance. This might be because a lower dimension (i.e., 8) lacks the capacity to capture
the complex dependencies between variables, while a higher dimension (i.e., 128) suffers from
data sparsity or difficulty in tuning other hyperparameters. The dimension is set to 32 in our
experiments.

4.4.2 Different Sequence Lengths Influence on Recommendation. When modeling with multi-
input causal blocks, we first divide the user browsing history into a series of subsequences. The
right plot in Figure 7 shows the effects of the maximum length of these subsequences on recom-
mendation performance, measured by NDCG@5 and NDCG@10. Short sequences fragment the
sequential information in users’ click behaviors, while longer sequences tend to be more expressive.
Performance plateaus when the maximum length is set to 5 and peaks at a length of 15. However,
due to time and memory limitations, we chose a maximum length of 5 in our experiments.

4.5 Efficiency Analysis (RQ4)

Time Complexity. The time complexity of CAST-Rec comes from the following processes: (1) time-
aware modeling with L number of multi-input causal blocks (Section 3.3); (2) recommendations
on |V| number of candidate news items (Section 3.4). Here, we use T to represent the length of
user’s browsing history, d to represent the hidden dimension in each respective model. For the first
process, the time complexity in each causal block is mainly contributing to the multi-head self-
/cross-attention layers, with O(T2Nd) each and O(3T?Nd) in total, where N denotes the number
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User 21

Bodies flew everywhere': A border chase shows role
U.S. citizens play in immigration smuggling, Once a Bay
Area Restaurant Empire, Chow Is Now Bankrupt,
Instacart Shoppers Are on Strike, UCSF Researchers
Focus On 'Aging Into Homelessness' In Bay Area, Keanu
Reeves picked up a lot of Ali Wong swag ...

LLaMA-3-8B
B ] . . —

i i i ies, including
news, entertainment, and lifestyle. They seem to enjoy
reading about human interest stories, celebrity news,
and current events, as well as articles about technology,
business, and social issues. Owverall—the—user's

: . X
Fead"‘ng—m‘a'teﬂa‘l‘. } g
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LLaMA-2-7B
B 0 v .

i i ‘ ies— Hg-news,
entertainment, sports, and lifestyle. Fhey-alseseem-to-be
interested——stories about celebrities and high-profile
individuals, as well as those related to social issues and
politics.

LLaMA-2-13B

The user's preferences are diverse, but they appear to be
interested in news related to celebrities, politics, and
social issues, with a particular focus on the US.

Vicuna-13B

Based on the user's browsing history, it appears that they
are interested in news related to celebrity, politics, and
local events in the San Francisco Bay Area.

(a) Case study of user 21 with four different LLMs.

User 883 LLaMA-3-8B

Based on the user's browsing history, ... topics including
sports, entertainment, politics, and lifestyle. ... shewn—a
particular—interest—in—news—related—to—the |, with
multiple—articles—abeut—... They have also shown an
interest in celebrity news, with articles about ... they
have shown an interest in wellness and lifestyle, with-arn

LLaMA-2-13B

Based on the user's browsing history, ... a strong interest
in celebrity news and gossip, as well as sports and current
events. They also appear to have a sense of humor and
enjoy lighthearted content.

Boris Johnson wins key Brexit bill vote but faces
another, Matt Moore views Sunday night as a chance
to regain place in NFL, Early to Bed, Early to Rise,
Senate to try to override Trump emergency declaration
veto Thursday, Leonard Fournette turns charming
video into brutal roast of Blake Bortles ...

LLaMA-2-7B
; , . .

i i i ir entertainment news,
sports, and lifestyle topics, with a focus on celebrity
news, pop culture, and social issues. .., as well as
current events and politics. ... interested in technology
and Al, as—evidenced—by—their—browsing—history.
Overall—theirpreferences—suggesta—broad—range—of
. . i .
Faﬂge—ef—t@p'l-GS—. o

Vicuna-13B

The user's preferences seem to be diverse, ranging from
sports and politics to celebrity gossip and lifestyle topics.

(b) Case study of user 883 with four different LLMs.

Fig. 6. Case studies of the time-invariant covariate summarized by different LLMs for users.

of heads. Subsequently, the feed-forward layer consumes O(Td?). The L numbers of causal blocks
with three inputs inside each multiply these values, yielding O(3L(3T?Nd + Td?)). For the second
process, the matrix factorization in user satisfaction score calculating costs O(2|V|d). In total, the
time complexity for CAST-Rec is O(2|V|d + 3L(3T?Nd + Td?)). Given the number of heads is set
as 2 (i.e., N = 2) in our proposed CAST-Rec, and the number of multi-input causal blocks is set as 2
(i.e., L = 2), the time complexity can be simplified as O(|'V|d + T%d + Td?).

Computational Efficiency. We provide the parameter sizes of different components in Table 4,
showing that the primary computational and memory costs stem from the adoption of LLMs. In
CAST-Rec, both the computational and time overhead can be mitigated by asynchronously utilizing
APIs for LLMs. We conducted our experiments by deploying open source LLMs locally; however,
our model is designed to accommodate API usage in scenarios with limited time and computational
resources.
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55 55
50 50
L5 ;\345 Best: max length=15
-~ —e— NDCG@10 -~
% 40 NDCG@5 % 40
3 35 35
30 30
—e— NDCG@10
25 NDCG@5
20 816 32 64 128 3 5 7 10 13 15
Dimension Max length
(a) Recommendation performance w.r.t dif- (b) Recommendation performance w.r.t. dif-
ferent Dimension in MIND-small. ferent Max length of browsing sequences in

MIND-small.

Fig. 7. The influence of different values of hyperparameters dimension and the maximum sequence length
on recommendation performances evaluated by NDCG@5 and NDCG@10.

Table 4. Parameter Sizes of the Different Components in
CAST-Rec Using LLaMA-3-8B

Component Parameter Sizes
LLM (depends on the model adopted) | 8B

Causal transformer blocks (X3) 0.02 MB
Recommendation layer 2.39 MB

User and item embeddings 119.04 MB

5 Related Works

This section reviews previous related works on news recommendations in the lines of both tradi-
tional and LLM-based models. Additionally, we also survey the use of causality in recommendations.

5.1 News Recommendations

The task of news recommendation has received considerable attention, particularly with the current
boom in LLMs that have transformed natural language processing. In the context of recommending
news, the time-variant factors play a more crucial role compared to the other types of recommender
systems, due to the need to consider the recency, popularity, and the steam of new content [25].
Traditional methods have laid the groundwork of news recommending. Recently, the emergence of
LLMs has opened new avenues for enhancing the recommendation of news items by leveraging
their advanced semantic understanding and generalization capability. This section delves into both
the traditional recommenders and LLM-based approaches, respectively.

5.1.1 Traditional News Recommendations. Traditional methods [1, 44] address the challenge of
news recommendation with neural sequential models and Pre-trained Language Models (PLMs)
[17], such as BERT [7], GRU [5], and attention mechanism [32]. For example, NewsBERT [48]
proposes a teacher—student framework to jointly learn from and distill complex user behavior
patterns to make efficient news recommendations. Similarly, FeedRec [47] adeptly captures both
positive and negative user preferences from explicit and implicit feedback using attention modules.
Building on the groundwork established by these traditional news recommenders, researchers
[12, 24, 46, 58] also delved into the new paradigm of news learning—prompt learning, which sets
the stage for advancements in news recommendation powered by LLMs. For example, Li et al. [14]
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approach news recommendation as a text-to-text language processing task and prompts the PLMs
to personalized preferences.

5.1.2  LLM-based News Recommendations. Recently, the surge in popularity of LLMs has led
to their extensive integration into NRSs [16, 17, 27, 59]. These studies utilize the sophisticated
language capabilities of LLMs. For example, Liu et al. [16] and Zheng et al. [59] employ LLMs
as a summarizer to condense news content and user behaviors, respectively. Additionally, the
spotlight is on the effectiveness of using LLMs in news recommendations due to concerns about
environmental sustainability [18, 19, 50]. However, our approach diverges from previous research
by utilizing LLMs to facilitate the modeling of causal relationships in complex user behavior for user
modeling in news recommendations. Furthermore, this article highlights the untapped potential of
LLMs for news recommendations.

5.2 Causality in Recommendations

Causality has been demonstrated to be capable of improving the accuracy [10, 38, 52, 55, 56],
explainability [15, 42, 51, 54], and fairness [13, 40, 41], and more of recommendation systems
and machine learning [39, 51]. These methods can be divided into two distinct categories based
on their underlying rationales. (i) The first category of methods enhances recommendations by
identifying the cause—effect relationships rather than mere correlations among various elements
within the recommendation process, such as users, items, and user features [37]. CaDSI [38] unravels
user intents by explicitly learning the causal relationships by semantic-aware representation in
recommendations. Zhang et al. [57] address popularity bias in recommendation system with
causal intervention. (ii) Another line of approaches to enhance recommendation with causality is
mitigating confounding effects in recommendations. Given that recommendation systems often
contain covariates arising from noises and redundant correlations, their predictions can be distorted
by the confounding effects that these covariates produce. Yang et al. [52] advance recommendations
via utilizing counterfactual examples to deconfound the negative effects brought by intricate
multi-typed user behaviors. In this article, we study the causality within the context of sequential
news recommendation, where item popularity and user features introduce time-variant and time-
invariant confounding effects, respectively. To the best of our knowledge, we are the first to propose
a framework that simultaneously addresses both time-variant and time-invariant covariates in
recommendation systems.

6 Conclusion

In this work, we approach news recommendations from a causal perspective and propose CAST-Rec
to estimate the evolving causal influence of exposed news items, thereby enhancing next-item
predictions. To carefully capture causal influences in the context of news recommendations, we
model both time-invariant and time-variant covariates. We utilize LLMs to extract time-invariant
covariates from user profiles and historical browsing contents. For time-variant covariates, we
account for the influences of evolving popularity and recency on exposed news items using a
series of transformer-based causal blocks. Our proposed CAST-Rec has been extensively tested
on two real-world news datasets, consistently outperforming a broad range of existing news
recommenders. These results demonstrate the effectiveness of integrating LLMs for capturing
time-invariant information and highlight the importance of time-variant covariates.
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