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Abstract
Cold-start forecasting is critical in dynamic scenarioswhere early-stage forecasting drives key
decisions, such as content prioritization, resource allocation, and demand estimation before
observable trends emerge. In this work, we explore the potential of multimodal forecasting
techniques for cold-start forecasting and offer insights into designingmore scalable and adap-
tive models. In particular, we address context-driven cold-start web traffic forecasting that
includes textual content and historical web traffic of relevant web pages to generate forecasts
when no historical data is available for the target new web page. To advance research in this
area, we collect, clean, and align a high-dimensional, multimodal web traffic dataset. We
adopt a Retrieval-Augmented Generation framework, and propose the use of large language
models (LLMs) for this task. Our experiments demonstrate that the LLM-based strategy
consistently outperforms the statistical baseline across multiple forecasting horizons. The
best-performing LLM-based model reduces WRMSPE by 0.81% and WAPE by 4.5%, com-
pared with other methods. Furthermore, LLM-based feature extraction enhances contextual
understanding, leading to greater stability in long-horizon forecasts.

Keywords Web traffic analysis · Cold-start · Multimodal · Time series forecasting

1 Introduction

Accurate web traffic forecasting is essential for optimizing server performance, managing
resources, and improving user experiences [1–4]. It helps businesses anticipate peak periods,
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prevent overloads, and improve resources allocation [5–7]. In addition, reliable forecasts
support cost reduction, and enhanced user engagement [8], ensuring a competitive edge in
today’s digital landscape.

Cold-start web traffic forecasting refers to the challenge of forecasting the web traffic
for newly created or previously untracked web pages, where no historical data is available
for the target page. This problem is critical in various real-world applications, particularly in
digital contentmanagement [9], and e-commerce [10], where accurate early-stage forecasting
informs decisions on content promotion, and infrastructure scaling [11]. Most of the existing
forecasting models [12–14] rely heavily on historical observations of the target time series
to capture temporal dependencies such as trends, seasonality, and autocorrelation. Recent
advances have explored cross-modality alignment [15, 16], spatio-temporal training [17–19],
and LLM-based traffic forecasting [20], yet thesemethods still rely on partial or full historical
observations. In contrast, cold-start forecasting requires alternative sources of information,
such as contextual data extracted from textual descriptions and traffic patterns of relevant
pages. Addressing this challenge is essential for optimizing search engine indexing strategies,
improving recommendation systems [10], and enhancing user engagement by prioritizing
new content based on projected demand [21]. As an underexplored task, cold-start web
traffic forecasting is fundamentally different not only from general time series forecasting,
but also from existing well-studied tasks such as zero-shot forecasting, few-shot forecasting,
and few-history forecasting, which are further clarified in Section 4.1. By establishing a
methodological foundation for this task, we pave the way for more adaptive and scalable
forecasting solutions in dynamically evolving online environments.

The technical solutions of web traffic forecasting build on existing time series forecasting
models [22, 23], which range from univariate andmultivariate models [24, 25] to more recent
multimodal approaches, as shown in Figure 1(a)-(c). However, all these methods cannot be
leveraged to solve the cold-start task as this task has fundamentally different training data to
be leveraged as shown in Figure 1(d). Traditional time series forecastingmethods [12, 14, 26]
rely onprior knowledge of time series patterns such as trends, seasonality, and autocorrelation,
making them effective when sufficient historical data is available. However, they struggle
with scalability and non-linear behavior, limiting their use in complex forecasting tasks.
Advances in deep learning [27–31], such as Recurrent Neural Networks [32], Convolutional
Neural Networks [33], transformers [28, 34–38], and Large Language Models (LLMs) [39,

Figure 1 Comparison of tasks in web traffic forecasting. (a)-(c) are the most general tasks that existing works
focus on, while (d) is the cold-start task that integrates contextual data
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Table 1 Multimodal Web Traffic Datasets

Dataset Time Information Channels Other Modalities Available

Time Range Points

Kaggle [23] 2015/07/01–2016/12/30 548 145,000 — ✓

GP-Copula [44] — 365 9,013 — ✓

GPT4MTS [41] 2022/08/17–2023/07/31 349 30 time-relevant text ✗

WikiPopular 2019/07/01–2024/06/30 1,826 728 time-irrelevant text ✓

40], have improved the ability to handle complex, long series. Somemultivariate [28, 34] and
multimodal models [41, 42] incorporate contextual information, e.g., historical web traffic
of relevant web pages or textual news summaries. However, they still depend heavily on
historical data from the target series and perform poorly in cold-start scenarios, as shown in
Figure 1(d).

In this work, we narrow the gap, as existing models often depend on historical time series
data or focus on zero-shot and transfer learning, which are insufficient for true cold-start
scenarios. Specifically, we,

• Formalize the task: Cold-Start Web Traffic Forecasting, driven by real-world demands
to address scenarios involving new or untracked pages. This task emphasizes the use of
contextual data, including textual content and historical traffic of relevant web pages, to
enable accurate forecasting without relying on historical data from the target page;

• Publish the first high-dimensional, multimodal web traffic dataset that can be tailored for
cold-start forecasting. The existing dataset are not high-dimensional or staticmultimodal,
which make them unsuitable for cold-start forecasting, as shown in Table 1. WikiPopular
provides a benchmark for further research and promots the development of new methods
in the field1.

• Develop a Retrieval-Augmented Generation (RAG) framework combining the statistical
and the LLM-based strategy to tackle the cold-start challenge. By integrating multi-
modal contextual data, such as textual content and web traffic of relevant web pages, our
framework enhances forecasting and provides standardized resources to support future
studies.

Our work addresses cold-start forecasting when no historical data is available, tackling
an underexplored problem in web traffic forecasting. Unlike zero-shot learning and few-
shot learning, this problem requires a fundamentally different model architecture. Using
the RAG framework with contextual data, we demonstrate how forecasting can be improved,
providing a scalable and adaptive solution for real-world applications. This research advances
the capabilities of web traffic forecasting and paves the way for future exploration in areas
such as e-commerce, social media, and news trend prediction, where new content often
emerges without historical data.

2 Related works

Cold-start forecasting presents unique challenges distinct from general time series fore-
casting, as it requires forecasting without any historical data for the target series. Existing

1 To support further research and benchmarking, we release the codes and data at https://github.com/
xinzzzhou/CCWTF.git
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time series forecasting methods, including both traditional approaches and deep learning
models, rely heavily on past observations, making them unsuitable for cold-start scenarios.
While recent advances in multimodal learning and LLMs have improved forecasting capa-
bilities, these approaches still largely depend on historical time series data, limiting their
effectiveness in real-world cold-start applications. Other recent works in spatio-temporal
forecasting [16–20] similarly assume access to target history, limiting their applicability to
cold-start scenarios.

2.1 General time series forecasting

Statistical forecasting methods, such as AutoRegressive Integrated Moving Average
(ARIMA) [12], Exponential Smoothing [26], and their variants [13], rely heavily on prior
knowledge of time series patterns, such as autocorrelation, trends, and seasonality, to config-
ure model parameters and generate accurate forecasts. Although these methods are effective
for stable and linear data patterns, they struggle with non-linear or unexpected behaviors. For
multivariate forecasting, models like Vector Auto-Regression [14, 43] extend ARIMA by
capturing linear relationships across multiple time series, but their performance deteriorates
when inter-series dependencies become nonlinear or complex, limiting their suitability for
dynamic or high-dimensional data.

Recent advances [27, 28, 28–34] in deep learning have transformed time series forecast-
ing by capturing complex temporal patterns beyond the limitations of traditional models.
These approaches can be broadly categorized into four types. RNN-based models, including
LSTM-based architectures [32, 44, 45], are adept at capturing long-term dependencies in
sequential data but often struggle with vanishing gradients and processing long sequences
efficiently. Convolutional models [33] capture temporal and channel dependencies through
local patterns, providing a faster alternative to RNNs and excelling in multivariate forecast-
ing tasks. Attention-based models, such as TST [35], FEDformer [36], Informer [37], and
iTransformer [28], leverage self-attention mechanisms to capture long-range dependencies
and dynamic temporal relationships, achieving state-of-the-art performance in time series
forecasting.

2.2 Largemodels for time series forecasting

Large Models have shown promise in both multimodal and time series forecasting tasks.
Multimodal models, such as GPT4MTS [41], MoAT [42], and TimeCMA [15], leverage
LLMs and decomposition methods to incorporate external news into time series forecasting
tasks. However, they primarily align textual content with time-stamped events, limiting their
applicability to cold-start scenarios, where no historical target data exists.

Recent works, including TEST [39] and TEMPO [40], harness the power of LLMs to
capture complex patterns and embed knowledge from extensive datasets. These models,
with their enhanced learning capacities, excel at generalizing across diverse time series
tasks. Time series foundation models have been used for zero-shot and few-shot forecast-
ing. LagLlama [46] proposes a general univariate probabilistic time series forecasting model
trained on a large collection of time series data. However, the use of LLMs for zero-shot time
series forecasting is still in its early stages. Recent advancements in zero-shot learning for
time series forecasting [47] have primarily testedmodels on previously unseen data while still
utilizing time series inputs. Despite progress, zero-shot forecasting remains underexplored
in contexts such as web traffic forecasting, particularly with the increasing availability of
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publicly accessible, high-dimensional multimodal datasets. Fine-tuning LLMs for specific
forecasting tasks is time-consuming and computationally expensive, leaving room for fur-
ther exploration of lightweight, training-free strategies that can leverage these models for
more efficient predictions. UniTime [48] proposes a unified model for cross-domain time
series forecasting, which can flexibly adapt to data with varying characteristics. However,
these models using time series data only transferring knowledge learned from one domain
to another remains difficult due to fundamental differences in underlying data character-
istics [49]. This limitation becomes especially apparent in cold-start scenarios, where no
historical traffic data exists to provide temporal context.

2.3 Spatio-temporal forecasting

Several recent works propose frameworks for streaming or spatio-temporal forecasting under
limited data scenario [16–20]. These methods integrate techniques such as replay-based
continual learning [17], federated learning [18], LLM-driven spatial modeling [20], or dataset
condensation [19] to enhance generalization under changing or distributed data conditions.
However, these approaches typically rely on having at least partial temporal observations
for the target instance. For instance, the federated continual learning framework in [18] and
uncertainty quantification models in [16] are both designed around the assumption that target
traffic series are observable, even if intermittently. This reliance on historical data prevents
their direct application to cold-start settings where the temporal signal is entirely absent.

3 Data

Existing researchon cold-start forecastinghas predominantly focusedondomains such as new
product forecasting [50], where models predict future demand without historical sales data.
However, these studies frequently rely on proprietary datasets, which restricts broad explo-
ration and benchmarking efforts. To address this limitation, we collected a high-dimensional
dataset from Wikipedia2, a rich source of both web traffic data and contextual information.
WikiPopular includes daily web traffic time series for pages, accompanied by their contextual
data. To ensure relevance and meaningful analysis, we focused on popularWikipedia pages3,
given the diverse topics available.

3.1 Data Collection

Data collection involves three procedures: time series data collection, textual data collection,
and data cleaning. Each procedure is detailed below.

3.1.1 Time series data collection

The time series component consists of daily visit counts for each article, collected through
the Wikipedia REST API. This data captures the temporal dynamics of web traffic, revealing
trends, seasonality, and irregular patterns. Additionally, relevant series are identified based
on semantic similarity between web pages, allowing exploration of contextual relationships

2 https://www.wikipedia.org/
3 https://en.wikipedia.org/wiki/Wikipedia:Popular_pages
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across multiple pages. These relevant series enhance forecasting accuracy, especially when
historical traffic data for the target article is unavailable.

3.1.2 Textual data collection

We supplement the time series data with textual summaries and category labels for each
article, collected via Wikipedia’s API using web scraping techniques. Summaries provide
concise descriptions of each article’s content, while the categories reflect its thematic clas-
sification. This textual data is crucial for cold-start forecasting, allowing models to forecast
web traffic by using content and relationships between web pages, even without historical
time series data.

This combination of time series data and contextual data provides a valuable multimodal
resource for various forecasting tasks, such as cold-start web traffic forecasting.

3.1.3 Data cleaning

To ensure data quality, we crawled English Wikipedia pages with all-access visit data during
the crawling period. We filtered the data by removing pages with ambiguous meanings, and
pages not found in the English Wikipedia project. This cleaning process ensures dataset
reliability and enhances its applicability in real-world forecasting scenarios.

3.2 Data comparison and analysis

To highlight the uniqueness and value ofWikiPopular, we compare it with existingweb traffic
and multimodal datasets from previous studies, as shown in Table 1. Kaggle provides high-
dimensional data but lacks textual information. GP-Copula is also based on Wikipedia data,
but lacks a clearly defined dataset structure, e.g., missing time ranges, and doesn’t include
additional modalities. GPT4MTS contains datasets with 10 events, forecasting NumMen-
tions, NumArticles, and NumSources, so a total of 30 channels.

Although it includes time-relevant text, its limited number of channels and closed-source
nature restrict usability. Additionally, its time-relevant text does not support the cold-start
problem. WikiPopular stands out by integrating both textual summaries and related time
series, while also providing public accessibility upon release. Table 1 provides a summary
of the key characteristics of WikiPopular compared to existing ones.

To better illustrate the characteristics of this dataset, we provide descriptive statistics in
Table 2. Themedian page receives 4,633 views daily, while themean reaches 9,655, reflecting
a long-tailed distribution where a small number of pages attract a disproportionate amount
of attention, up to over 10 million views daily.

In termsof semantic coverage,WikiPopular dataset covers 728 channels, covering topics of
science and nature, e.g., the universe, earth, life, society, and culture, e.g., civilization, people,
events, and entertainment, e.g., film, TV, music, sports, video games, books, etc. As shown
in Figure 2, certain topics contain more pages due to their large number of subcategories:
people-related topics cover singers, actors, athletes, political leaders, and historical figures;
entertainment-related topics span sports teams, films, TV shows, music bands, albums, and
video games. This rich topical diversity makes the dataset a valuable resource for forecasting
web traffic across different domains.
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Table 2 Descriptive statistics of the WikiPopular dataset, including traffic distribution and covered semantic
categories

median mean minimum maximum categories

4,633 9,655 1 10,312,178 universe, earth, life, civilization, people, entertainment, event

4 Task distinctions and problem formulation

This section clarifies the distinctions between cold-start forecasting and related tasks and for-
malizes the problem, emphasizing the unique challenges of cold-start web traffic forecasting.

4.1 Task distinctions

Table 3 lists the comparison of different forecasting tasks. General traffic forecasting relies
on past observations of the target series. They focus on modeling temporal patterns such as
trend, seasonality, and autocorrelation. This task motivates models to use auto-regressive or
series modellings. Cold-start forecasting, in contrast, deals with the scenario where no target
history exists. Instead, it uses contextual data. Thus, cold-start forecasting fundamentally
differs in its input assumptions and learning objective: it requires cross-entity generalization
based on time-irrelevant context, rather than within-entity extrapolation from time series
dynamics. This divergence makes general forecasting techniques inapplicable to cold-start
forecasting and highlights the need for distinct methodologies.

Beyond above, cold-start forecasting must also be distinguished from several modern
forecasting tasks, including zero-shot forecasting [51–54], few-shot forecasting [55–58] , and
few-history forecasting. While all these tasks address data-scarce scenarios, they still retain
varying degrees of temporal information for the target series. Zero-shot forecasting pertains
to the scenario where no prior data is available for a particular instance at inference time,
necessitating the use of external knowledge, structural priors, or learned representations to
make predictions. Few-shot forecasting provides the model with a limited number of training
windows before making predictions on larger unseen windows. Although one could argue
that cold-start forecasting eventually transitions into a few-history problem as more data
becomes available over time, cold-start forecasting has unique significance compared with
few-history forecasting task. For instance, in new product forecasting, solving the cold-start
problem allows businesses to make informed decisions before a product is introduced to

Figure 2 The distribution of the article topics
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the market. A robust cold-start forecasting model enables companies to predict demand for
products that have not yet been sold, facilitating strategic assortment planning. For an online
retailer, such a system could estimate web traffic for potential products, helping optimize
inventory decisions.Whilemany recentmodels have improved performancewithmultimodal
inputs, they generally presuppose access to some historical data for the target instance [15,
19, 20]. These approaches are not directly applicable to cold-start settings, which necessitate
learning from context alone. This underscores how cold-start forecasting serves a different
function from few-history forecasting, as it provides actionable insights for products that are
still in the planning phase.

Given these distinctions, it is imperative to consider cold-start forecasting as an indepen-
dent research problem, rather than treating it as a subset of few-shot or few-history forecasting.
Addressing cold-start forecasting requires fundamentally different methodologies, as it must
rely on learned generalization across domains or contextual information, rather than extrap-
olation from limited in-domain observations. Recognizing and formalizing these differences
allows for amore precise characterization of the challenges and potential solutions associated
with cold-start forecasting across various applications.

4.2 Problem formulation

Cold-start forecasting, as an underexplored area in web traffic analysis, which focuses on
forecasting the web traffic using only contextual data, e.g., textual summaries and categories,
of the target page, without relying on any historical web traffic data. Formally, the cold-start
forecasting task f () aims to predict the first H time steps of the target new page using its
context:

f (ci ) = yi1:T or f (ci , xirel ) = yi1:T

where ci represents the page summary and categories, providing semantic insights into the
content; xirel ∈ RK×T refers to the traffic data in historical T time steps of K relevant web
pages; yi1:H ∈ R1×H denotes the series values forecasted for the H time steps after T . This
setup stands in contrast to both general forecasting and modern forecasting tasks, where yi1:T
of the target itself is available for model training. Cold-start forecasting must infer temporal
dynamics from time-irrelevant, cross-entity context, making it a distinct methodological
challenge.

5 Method

We adopt a RAG architecture [59–61] for time series forecasting, integrating textual infor-
mation and the series of relevant web pages as supplementary knowledge to enhance the
performance of pre-trained LLMs. This approach improves the reasoning capabilities of
LLMs, enabling them to generate more accurate forecasts. Specifically, we first design a Rel-
evant Web Pages Retrieval component, employing both the traditional TF-IDF, Word2Vec,
SBERT, and LLM-based retrieval to identify the most relevant web pages for the target page.
TF-IDF provides keyword-based similarity, while Word2Vec and SBERT offer lightweight
semanticmatching. Following this, we develop anLLM-based forecasting strategy: a prompt-
driven approach utilizing pre-trained language models to infer web traffic patterns.
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5.1 RelevantWeb pages retrieval

We begin by introducing the method for identifying relevant web pages in scenarios where
the target web page lacks historical traffic data. This is based on the assumption that web
pages with relevant content are likely to attract comparable patterns of web traffic. Our
motivation is to explore contextual relationships between web pages [62] as an alternative to
knowledge graphs. While knowledge graphs are powerful, they require significant effort for
graph construction and are less suitable for continuous learning with newly introduced web
pages.By leveraging a simpler andmoreflexible framework,wedemonstrate the effectiveness
of contextual data for cold-start forecasting, a concept validated in prior studies.

By computing the historical traffic of the most relevant web pages, the method provides
a simple yet effective solution for forecasting traffic for new or untracked pages. However,
the effectiveness of retrieval depends heavily on the quality of the web traffic of relevant
web pages. Cosine similarity metric is important in ensuring that the retrieved web pages are
closely aligned with the target page, directly influencing the forecast accuracy.

5.1.1 TF-IDF feature extraction

We use TF-IDF, short for Term Frequency-Inverse Document Frequency, to transform the
textual web content of each article into numerical feature vectors. The TF-IDF value for a
term t in an article a from the corpus A is computed as:

TF-IDF(t, a, A) = TF(t, a) × log

(
N

DF(t)

)
(1)

where TF(t, a) is the term frequency, e.g., the number of times term t appears in article a,
N is the total number of web pages in the corpus, and DF(t) is the number of documents
containing the term t . This formula ensures frequent terms receive lower weights, while
unique, informative terms receive higher weights. The TF-IDF vectors are then computed as:

va = [
TF-IDF(t1, a, A),TF-IDF(t2, a, A), . . . ,TF-IDF(t|V |, a, A)

]
(2)

where t1, t2, . . . , t|V | are the terms in the vocabulary. Once the TF-IDF vectors are generated,
we compute the cosine similarity between web pages to measure textual similarity.

5.1.2 Word2Vec and SBERT feature extraction

To capture semantic similarity beyond keyword overlap, we introduce two lightweight
embedding-based approaches: Word2Vec [63] and SBERT [64]. For Word2Vec, we use pre-
trained word embeddings and compute the representation of each article by averaging the
embeddings of its constituent tokens. SBERT, short for Sentence-BERT, on the other hand,
directly generates fixed-size sentence-level embeddings from the article’s summary using a
pre-trained transformer-based encoder. Both methods produce dense vector representations
that capture contextual and semantic meaning, enabling more robust similarity comparison
even when word choices vary. Cosine similarity is applied in the same way as with TF-IDF
to select top-K relevant pages.

5.1.3 LLM-based feature extraction

To improve relevant series identification, we leverage the LLM to extract meaningful text
features. Unlike TF-IDF, which depends solely on word frequency, LLM-generated embed-

123



World Wide Web            (2025) 28:60 Page 11 of 24    60 

dings capture richer semantic relationships by considering the broader context and meaning
of the entire text. The LLMs process the textual content of each article to generate dense
vector representations, enabling the recognition of similar web pages even when terminology
differs, and improved handling of ambiguous or multi-topic content. Such capability proves
particularly helpful when dealingwith domain-specific terminology, where TF-IDF struggles
to identify meaningful connections.

5.1.4 LLM-based feature extraction

To improve relevant series identification, we leverage the LLM to extract meaningful text
features. Unlike TF-IDF, which depends solely on word frequency, LLM generated embed-
dings capture richer semantic relationships by considering the broader context and meaning
of the entire text. The LLMs process the textual content of each article to generate dense
vector representations, enabling the recognition of similar web pages even when terminology
differs, and improved handling of ambiguous or multi-topic content. Such capability proves
particularly helpful when dealingwith domain-specific terminology, where TF-IDF struggles
to identify meaningful connections.

5.1.5 Similarity matrix computation

For each target article, we compute the similarity scores as in (3) using extracted feature
vectors, forming a similarity matrix Si j , where i is the target article and j is the relevant
article.

cosine_sim(vi , v j ) = vi · v j

‖vi‖‖v j‖ (3)

where vi · v j is the dot product of the two vectors, and ‖vi‖ and ‖v j‖ are the Euclidean
norms. Then we sort them in descending order, and select the top K most similar web pages,
excluding the target article itself:

Top-K(i) = arg sortK
(
Si j

)
for j �= i (4)

This efficient, interpretable method helps identify relevant series for cold-start forecasting
but may overlook deeper semantic connections that go beyond surface-level word similarity.

5.2 LLM-based forecast strategy

In the cold-start forecasting setting, existing time series models struggle due to the absence of
historical data for the target web page. To address this, we propose an LLM-based Strategy,
which utilizes pre-trained language models to infer web traffic trends from contextual infor-
mation. By integrating it, we enable a more flexible and adaptive solution that can effectively
predict web traffic in cold-start scenarios. Specifically, we employ LLMs as the primary fore-
casting strategy using prompt-based querying. This eliminates the need for fine-tuning on
domain-specific datasets. The pipeline follows: LLMs receive a structured prompt, shown in
Table 4 containing both the textual content of the target page and historical traffic data from
relevant web pages. Then LLMs generate a forecast based on the prompt, without requiring
intermediate feature extraction or transformations. This direct prompting approach leverages
LLMs to understand semantic relationships between textual content and user behavior which
is reasonable because LLMs have been shown to have the general knowledge because they are
trained with enormous data, making it a fast and flexible solution for cold-start forecasting.
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Table 4 Prompt designing for the LLM-based strategy, incorporating all the contextual data of the web page

System

You are an expert data analyst specializing in Wikipedia article traffic forecasting. Generate precise 7-day
forecasts based on the provided data and article information. For each day, provide a numerical prediction
and a brief, insightful explanation considering historical trends, seasonality, recent changes, and the article’s
context.

User

Generate time series forecasting values for the next {h} days of web traffic from 2019/07/08 to {end_date}.

The title of the article is: {title}

Summary and category of the article: {text}

Please provide your forecast considering the following factors:

1. Overall trends: Any significant rises or drops in traffic.

2. Seasonality: Daily, weekly, or other cyclical patterns.

3. Recent changes: Any notable shifts in the most recent data points.

4. Potential external factors: Consider how the article’s topic might influence traffic (e.g., current events,
holidays).

5. Historical anomalies: Account for past outliers or unusual patterns.

6. Title of the related article: {related_title}, these articles are sorted according to the cosine similarity of the
vectors between the article and the target article. The vectors are generated by the {similar_method}.

7. Web traffic of the related articles during the past 7 days: {related_series}.

For each forecasted day, provide:

- The predicted traffic value

- A brief explanation of why you expect this value, referencing the factors above.

Format your response as:

<begin_predicted_value>[predicted value1, predicted value2, ..., predicted
value{h}]<end_predicted_value>,

<begin_explanation>: [Your reasoning]<end_explanation>

The effectiveness of the LLM-based Strategy depends on the selection of the proper
parameters: (1) For the model, we use GPT4o-mini, balancing efficiency and accuracy; (2)
The temperature is set to 0, ensuring deterministic outputs; (3) The maximum number of
tokens is 13,000, to fully cover the prompt without exceeding limits; (4) The batch size is 512,
optimizing parallel processing of queries. This configuration ensures optimal performance,
minimizing randomness and computational cost.

6 Experiment setup

This section presents experiments on cold-start forecasting, evaluating the proposed methods
using appropriate performance metrics and implementation details.

6.1 Evaluationmetrics

To assess the performance of our forecasting models, we employ the following error metrics,
both of which are scale-independent and suitable for datasets with varying magnitudes:
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• Weighted Absolute Percentage Error (WAPE), a widely used forecasting accuracy metric
that measures prediction error by weighting absolute errors relative to total actual val-
ues. WAPE provides an intuitive and interpretable percentage-based measure, making it
effective for comparing forecasting accuracy across datasets and domains.

• Weighted Root Mean Squared Percentage Error (WRMSPE), a variation of Root Mean
Squared Percentage Error that accounts for the magnitude of actual values, ensuring that
errors on larger values are weighted more heavily. This makes it particularly useful for
real-world datasets with diverse scales.

For both WAPE andWRMSPE, lower values indicate better forecasting performance. These
metrics ensure robust evaluation by accounting for scaling effects and variability in web
traffic data.

6.2 Baseline

To the best of our knowledge, this work is the first to explore cold-start web traffic forecasting.
Herewe use Statistical Strategy as a forecasting baseline for cold-start forecasting by utilizing
the historical traffic of relevant web pages retrieved in Section 5.1. The input data consists
of the historical web traffic of relevant web pages. The forecasted traffic for the target traffic
is computed as:

ŷi = 1

K

∑
j∈Top-K(i)

x jrel (5)

where ŷi is the forecasted traffic for the target article i , and x jrel is the historical traffic of
the relevant article j . To examine the influence of similarity metrics in the retrieval process,
we construct four variants of this Statistical Strategy using different text representations for
similarity computation: TF-IDF (TFStat), Word2Vec (W2VStat), SBERT (SBertStat), and
LLM-based embeddings (LLMStat). These methods differ only in how the Top-K relevant
pages are selected. This approach provides a simple, interpretable, and scalable solution,
allowing new web pages to be incorporated with minimal computational overhead.

6.3 Implementation details

Our experiments are implemented using PyTorch, HuggingFace’s LLaMa4, and the GPT
API. The retrieval-based forecasting approach is conducted as follows:

• Relevant article retrieval is performed using LLaMA 3.2 1B5, which effectively captures
semantic relationships between web pages.

• Forecast generation is handled byGPT-4o-mini6, which processes contextual information
and generates predictions without requiring extensive model fine-tuning.

All experiments are conducted on a single NVIDIA RTX 3090 GPU, ensuring efficient com-
putation and fast inference7. Additionally, training-free computation strategies are employed
to enable efficient forecasting without the need for costly model training. Models mentioned

4 https://huggingface.co/
5 https://www.llama.com/
6 https://platform.openai.com/
7 To promote reproducibility, a sample dataset and corresponding codebase can be found in Section 1 for
review.

123

https://huggingface.co/
https://www.llama.com/
https://platform.openai.com/


   60 Page 14 of 24 World Wide Web            (2025) 28:60 

above leverage: pre-trained language models, retrieval-based heuristics, and lightweight
statistical techniques. By minimizing computational overhead, our approach is ideal for
cold-start scenarios, where historical data is unavailable, and rapid adaptation is crucial.

7 Result and discussions

This section presents our main results, validating the effectiveness of contextual data in cold-
start forecasting and providing ablation studies for further insights into our framework. The
results, organized into the following subsections, aim to provide insights into various aspects
of our approach. Specifically, our experiments address the following key questions:

• Effectiveness of our framework and strategies: How well do the proposed methods per-
form in cold-start forecasting? Shown in Section 7.1 Main Results;

• Role of contextual data in cold-start forecasting: Does incorporating contextual informa-
tion enhance forecasting accuracy? Which contextual data contributes to forecasting the
most? Shown in Section 7.1 Main Results and Section 7.2.1 Ablation Study 1;

• Impact of relevant web pages: How does the number of relevant web pages, K , influence
forecasting performance? Shown in Section 7.2.2 Ablation Study 2.

• Prompt design and article ranking: Can LLM benefit from explicitly ordered relevant
articles in prompts? Shown in Section 7.2.3 Ablation Study 3.

7.1 Main Results: cold-start forecasting

Cold-start forecasting evaluates the model’s ability to forecast web traffic for newly intro-
duced pages using only contextual data, such as page summaries and the historical traffic of
semantically relevant pages, without relying on the target page’s own history. To maximize
the utility of historical traffic data of relevant web pages, we set the test samples’ start date to
July 8, 2019, one week after the dataset’s initial date. To simulate a real cold-start scenario,
we select 50 web pages for testing. To the best of our knowledge, no existing models are
specifically designed for this task, so we evaluate in Section 5.2, comparing two forecasting
strategies, Statistical and LLM-based, with four types of similarity-based retrieval methods:
TF-IDF, Word2Vec, SBERT, and LLM embeddings. These combinations result in eight total
methods: TFStat,W2VStat, SBertStat, and LLMStat use statistical averaging of relevant time
series; TFLLM,W2VLLM, SBertLLM, and LLM+ use an LLMprompt-based generation strat-
egy. All experiments are conducted on the WikiPopular dataset. The results are summarized
in Table 5.

First, we compare the two forecasting strategies, Statistical and LLM-based, across all
retrieval methods. We find that LLM-based Strategy outperforms Statistical Strategy, regard-
less of the underlying retrieval methods. Specifically, LLM+ achieves the lowest WAPE and
WRMSPE across almost all horizons, followed closely by W2VLLM and SBertLLM. This
confirms the advantage of generation-based reasoning over statistical averaging in extracting
and utilizing semantic context.

Second, among the Statistical baselines, LLMStat shows the best performance, outper-
forming TFStat, W2VStat, and SBertStat. This suggests that LLM-based retrieval provides
semantically richer andmore accurate relevant pages than TF-IDF and traditional embedding
methods like Word2Vec and SBERT. Although W2VStat and SBertStat perform reasonably
well, their performance lags behindLLMStat, especially at longer horizons, indicating limited
ability to fully capture contextual alignment using shallow embeddings.
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Table 5 Cold-start forecasting results under different combinations of retrieval methods and forecasting strate-
gies

Dataset WAPE WRMSPE

Horizon 1 2 4 7 1 2 4 7

TFStat 1.185 1.137 1.125 1.100 1.865 1.799 1.958 1.893

W2VStat 1.202 1.208 1.212 1.200 1.928 1.999 2.226 2.192

SBertStat 1.272 1.239 1.228 1.084 2.716 2.727 2.824 2.404

LLMStat 0.859 0.884 0.918 0.900 1.352 1.416 1.673 1.599

TFLLM 0.977 0.991 1.035 1.062 1.486 1.609 1.850 1.843

W2VLLM 0.810 0.892 0.883 0.930 1.289 1.674 1.695 1.639

SBertLLM 0.888 0.882 0.883 0.932 1.221 1.615 1.710 1.582

LLM+ 0.817 0.819 0.828 0.859 1.292 1.361 1.616 1.564

TFStat,W2VStat, SBertStat, and LLMStat represent the Statistical Strategy using top-K relevant pages selected
by TF-IDF, Word2Vec, SBERT, and LLM-based embeddings, respectively. TFLLM, W2VLLM, SBertLLM,
and LLM+ are their counterparts using the LLM-based forecasting strategy. Metrics reported are WAPE and
WRMSPE across horizons 1, 2, 4, and 7. The best results in each column are shown in bold

Third, the results verify the critical role of contextual data and prompt quality of the
LLM-based Strategy. Comparing TFLLM,W2VLLM, SBertLLM, and LLM+, we observe that
using richer embeddings for retrieval yields better forecasting outcomes. Besides, carefully
structured prompts align the model’s reasoning with the forecasting objective, optimizing
forecasting accuracy. The enhanced ability of LLM, especially LLM+, further differentiates
them from other methods. These findings underscore the importance of well-crafted prompts,
as the effectiveness ofLLMdepends heavily onhow input data is framed.Acarefully designed
prompt aligns the model’s reasoning with the task, improving forecast accuracy.

Lastly, the forecast horizon stabilized in LLM-based strategy.The experimental results
indicate that forecast accuracy varies with horizon length, with error metrics, WAPE and
WRMSPE, increasing slightly as the horizon extends from 1 to 7 days. This trend is expected,
as long-term forecasts are more uncertain. While forecasting errors naturally increase over
longer horizons, the robustness of TFLLM W2VLLM, SBertLLM, and LLM+ remains evident,
maintaining reliable performance in extended forecast scenarios. Our findings emphasize the
importance of leveraging textual data and LLMs’ ability to reason over unseen web pages,
highlighting new opportunities for cold-start forecasting.

7.2 Ablation study

To further investigate the impact of contextual data and relevant article selection on forecast-
ing performance, we conduct two ablation studies: (1) Effect of contextual data: Exploring
how different types of contextual information improve cold-start forecasting; (2) Effect of
K -selection: Evaluating how the number of relevant web pages K influences the results; (3)
Effect of ranking-aware prompting: Evaluating whether explicitly conveying the order of
retrieved articles by similarity in the prompt, e.g., "Most relevant article", improves LLM-
based forecasting.
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Table 6 Results for the Effect of Contextual Data

Methods LLM+ TFLLM

(a) WAPE Results

Horizon 1 2 4 7 1 2 4 7

TgtCnt 0.860 0.883 0.878 0.863 1.063 1.171 0.879 0.860

TCnt+RTit 0.829 0.859 0.872 0.871 1.035 1.140 0.880 0.871

TCnt+RTrf 0.819 0.841 0.870 0.869 0.992 1.043 0.878 0.869

All 0.818 0.843 0.887 0.874 0.977 1.024 0.883 0.877

(b) WRMSPE Results

TgtCnt 1.449 1.477 1.702 1.646 1.844 1.950 1.651 1.643

TCnt+RTit 1.452 1.479 1.703 1.652 1.851 1.958 1.705 1.702

TCnt+RTrf 1.334 1.361 1.620 1.569 1.610 1.678 1.480 1.477

All 1.292 1.361 1.616 1.564 1.486 1.586 1.452 1.449

TgtCnt represents themethods using only theweb content of the target page as input.TCnt+RTit andTCnt+RTrf
represent the methods that use the content of the target page plus the titles of relevant web pages and the traffic
data of relevant web pages, respectively. All refers to the methods that use all available contextual data, i.e.,
web content of the target page, relevant articles’ titles, and relevant articles’ traffic. The best results are shown
in bold, and the second-best results are underlined

7.2.1 Effect of contextual data

The ability to incorporate contextual data significantly differentiates LLM-based Strategy
fromStatistical Strategy,which relies solely on time seriesweb traffic data. In this experiment,
we evaluate how various types of contextual information impact forecasting performance,
as summarized in Table 6. The results reveal that the quality of contextual data, the choice
of relevant article retrieval, and the balance between web traffic and textual data all play a
critical role in determining forecast accuracy.

From Table 6, we observe that using only the web content of the target page, TgtCnt,
yields overall the lowest performance among the contextual methods. However, when we
compare this result to TFStat in Table 5, the performance of TgtCnt is still superior across
all metrics. This suggests that even simple content-based forecasting can outperform sta-
tistical methods when appropriately leveraging related content. This observation highlights
the importance of selecting relevant related series for forecasting. Furthermore, the improve-
ment from LLMs-based Strategy, TFLLM, and LLM+, demonstrates the effectiveness of
using LLMs for relevant web page retrieval, as they provide a richer semantic understanding
of relevant articles, leading to better forecasting outcomes. Besides, TgtCnt may perform
better when the horizon is longer compared to other methods. This may be because con-
tent summaries capture high-level semantic information about the web page, which remains
stable and relevant over time, especially for long-term forecasts. In contrast, web traffic of
relevant web pages, RTrf, may be more useful for short-term forecasts but can lose predictive
power as the horizon length increases due to the inherent volatility of web traffic.

Furthermore, adding related traffic data TCnt+RTrf further boosts performance, and the
best results are achieved by combining all contextual data All, confirming the benefits of
using multimodal information. The results emphasize the need to carefully design retrieval
strategies and highlight the potential of LLMs to enhance cold start forecasting by selecting
relevant and meaningful related series.
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7.2.2 Effect of K K-selection

Our experiments examine how the number of relevant web pages, K , affects forecasting
in the Statistical Strategy and the LLM-based Strategy, using TF-IDF and LLM for the
retrieval of relevant web pages. The results reveal the following main insights. Figure 3
shows the results for the LLMStat. Since the Statistical Strategy is relatively lightweight and
computationally inexpensive, we run the experiments with K up to the maximum possible,
e.g., the total number of available channels minus 1. As shown in Figure 3, the performance
in terms of bothWAPE andWRMSPE initially improves as K increases, reaching an optimal
point before rising slightly and eventually stabilizing at larger values than 200. This suggests
that including more relevant articles provides additional relevant information, but beyond a
certain point, adding more series introduces irrelevant or noisy data, which begins to impact
performance negatively.

Figure 4 presents the results of TFLLM and LLM+. In each subfigure, the x-axis repre-
sents the forecasting horizon, while the bars indicate performance across different K -values.
Using LLM for web page retrieval, shown in Figure 4 (a)–(d) and (i)–(l), we observe that
performance initially varies with K but eventually becomes more stable as fewer contextual
inputs are used, ranging from all contextual information, e.g., TgtCnt, RTit, and RTrf, to
TgtCnt only. This indicates that while more contextual data improves performance initially,
it also increases the risk of introducing noise, particularly when irrelevant related series are
included. From another aspect, the more contextual data included, the higher the chance of
achieving better results in Figure 4 (a) and (i). When All contextual inputs, the model benefits
from richer information, improving overall forecasting accuracy. A similar pattern emerges
in the TF-IDF, shown in Figure 4 (e)–(h) and (m)–(p). This confirms the importance of using
related series effectively in cold-start forecasting. Another key observation is that different
strategies require different optimal K -values. This variability may arise from differences in
web page topics or the nature of traffic patterns. Therefore, the selection of K for individual
forecasting tasks can further improve prediction accuracy.

Figure 3 Performance for different values of K in LLMStat, retrieve relevant articles using LLM and fore-
casting with Statistical Strategy. (a) and (b) show the forecasting errors measured by WAPE and WRMSPE,
respectively
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Figure 4 Performance for different values of K in relevant series selection for TFLLM, and LLM+, the LLM-
based Strategy with TD-IDF and LLM-based relevant article retrieval. (a)–(d) and (i)–(l) represent WAPE
and WRMSPE in LLM+; (e)–(h) and (m)–(p) represent WAPE and WRMSPE in TFLLM. All, TCnt+RTrf,
TCnt+RTit, and TgtCnt means using all the contextual data, using the content of the web page with the series
of relevant web pages, using the content of the web page with the title of relevant web pages, using the content
of web page only
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Table 7 Cold-start forecasting results under different retrieval and prompting strategies

Dataset WAPE WRMSPE

Horizon 1 2 4 7 1 2 4 7

TFLLM 0.977 0.991 1.035 1.062 1.486 1.609 1.850 1.843

TFLLMr 0.973 0.958 0.991 1.129 1.502 1.574 1.865 1.904

W2VLLM 0.810 0.892 0.883 0.930 1.289 1.674 1.695 1.639

W2VLLMr 0.767 0.900 0.927 0.917 1.311 1.451 1.713 1.639

SBertLLM 0.888 0.882 0.883 0.932 1.221 1.615 1.710 1.582

SBertLLMr 0.894 0.908 0.915 0.944 1.287 1.405 1.637 1.596

LLM+ 0.817 0.819 0.828 0.859 1.292 1.361 1.616 1.564

LLM+r 0.815 0.805 0.811 0.859 1.280 1.331 1.594 1.551

The "r" suffix, e.g., TFLLMr, LLM+r, indicates variants where retrieved articles are not only sorted in descend-
ing order of similarity, but this ordering is also explicitly conveyed in the prompt, to help the LLM better
prioritize context. Best results are in bold

7.2.3 Effect of ranking-aware prompting

We explore whether incorporating the relative importance of retrieved articles into the prompt
improves LLM-based forecasting. Instead of explicitly providing numerical similarity scores,
whichLLMs are often insensitive to,wemodify the prompt format to present retrieved articles
in descending order of similarity, thereby conveying their relative importance. We refer to
these variants with the suffix r, such as TFLLMr,W2VLLMr, SBertLLMr, and LLM+r. The
results are presented in Table 7.

The effectiveness of ranking enhancement varies across retrieval methods. The most con-
sistent and notable improvement is observedwithLLM+, whereLLM+r consistently achieves
the best performance across all horizons, highlighting that ranking cues are especially effec-
tive when paired with semantically rich embeddings. TFLLMr also shows clear benefits over
TFLLM, particularly in short horizons,1 to 2 days, though the advantage diminishes as the
horizon lengthens. For W2VLLM and SBertLLM, the results are more variable and less sta-
ble. Some horizons show modest gains with ranking-aware prompting, e.g., WAPE@1 for
W2VLLMr, while others remain flat or degrade, suggesting that lightweight embeddings may
not fully benefit from ranking without deeper semantic grounding. These findings suggest
that the utility of ranking-aware prompting depends heavily on the retrieval quality. When
the embeddings already encode rich semantic relationships, as in LLM+, ranking provides a
useful signal for guiding generation.

8 Conclusion

This paper addresses the cold-start problem in web traffic forecasting. We have proposed
to use contextual data in the RAG, including textual content and historical web traffic of
relevant web pages, through both the Statistical Strategy and the LLM-based Strategy. We
further extend the retrievalmodulewithmultiple semantic representations, including TF-IDF,
Word2Vec, SBERT, andLLMembeddings, enabling a broad and fair comparison acrossmeth-
ods. Our experiments confirm that contextual data is important, with models combining web
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content and relevant series outperforming simpler setups. The LLM-based retrieval strategy
consistently delivers superior performance across all settings, demonstrating its strength in
extracting semantically aligned reference pages. Moreover, we introduce a ranking-aware
prompting study, which improves LLM generation quality by prompting retrieved articles
in descending similarity order. Our work advances cold-start forecasting by introducing
new methods, releasing multimodal web traffic datasets, and providing insights into the
potential of LLMs for complex forecasting tasks without domain-specific training. Future
directions include exploring adaptive K selection, fine-grained contextual inputs, enhanced
LLM prompting strategies, and fine-tuning the LLM-based Strategy with potential appli-
cations in e-commerce, news trends, and other data-scarce domains. In addition, we will
investigate category-aware retrieval strategies, which may offer improved contextual align-
ment by selecting relevant pages within the same semantic class. Although this is not feasible
in our current setup due to the absence of explicit category labels inWikiPopular, it represents
a valuable extension for future research using datasets with richer structural or categorical
annotations.
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