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Abstract: To address the challenges of slow dynamic market response and
insufficient multi-source information integration in sports sponsorship
valuation, this study proposes a dynamic evaluation model based on
neural-symbolic fusion learning. Traditional methods struggle to capture
real-time fluctuations in brand value during sporting events, while
single-source data analysis fails to comprehensively measure sponsorship
effectiveness. This approach integrates real-time perception from neural
networks with domain knowledge from symbolic systems to construct an
intelligent evaluation framework that simultaneously processes media
exposure, social media sentiment, and brand health metrics. Experiments on the
Nielsen sports sponsorship dataset demonstrate that this model reduces
prediction errors by 32% compared to mainstream evaluation methods and
captures value fluctuations at critical event milestones with greater precision.
This research provides a next-generation evaluation tool for sponsors’
investment decisions and event organisers’ rights management. The ongoing
digital transformation within the sports industry, characterised by datafication
and real-time analytics, further underscores the timeliness and relevance of
developing advanced evaluation tools like the one proposed in this study.
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1 Introduction

The market regarding sports sponsorship is experiencing an unprecedented large-scale
growth and structural change across the world (Hajipour and Fadaei, 2025). In his recent
report in the industry, Nielsen reported that the amount spent by sports sponsors
worldwide had exceeded the 85 billion threshold in 2024 with a growth rate of 12.5% per
year, which is way higher than that of the overall global advertising sector (Nielsen et al.,
2025). It is this successful facade that, however, since the scientific assessment of the
value of sports sponsorship has been an essential bottleneck to the high quality
development of the industry. The remarkable growth trajectory of the global sports
sponsorship market is vividly exemplified by flagship international events such as the
Olympic Games and the FIFA World Cup. These mega-events have consistently
catalysed substantial investment inflows from corporate sponsors, with particularly
pronounced engagement and financial commitment observed in mature markets like
North America and Europe. This pattern not only underscores the global nature of the
trend but also highlights the strategic importance major sporting events hold within the
international marketing landscape. The conventional methods of evaluation have always
been based on stagnant measures and post factum analysis, which find it hard to measure
the immediate change and the accruing changes of brand exposure in sporting events.
This leads to the absence of accurate information to make investment choices and the
comparatively reduced objectivity of sports assets, as determined by their sponsors
(Sharma et al., 2023). In the Chinese market, the general sports industry may be
experiencing continuous growth, but the sponsorship value assessment is at an initial
phase with experience driven practices and lack of quantification. The validity and
objectivity of the results of evaluation are seriously questioned. The prevailing lack of
reliability and objectivity in the current evaluation methodologies creates a significant
barrier for potential sponsors. This uncertainty directly impacts strategic planning, often
causing sponsors to exhibit caution and reluctance in committing to long-term, high-value
sponsorship agreements. Consequently, this hesitancy acts as a constraint on the overall
expansion and maturation of the sponsorship market, potentially limiting the capital
available for sports properties and hindering the sector’s full growth potential. Not only
does this result in inefficient use of sponsorship funds, but it triggers the derivative
problems of the frequent nature of market disputes and conditions of rampant hidden
marketing. Thus, this has made it a necessary research breakthrough in sports marketing
to create a model of sponsorship value evaluation, which is able to react dynamically to
the dynamics of the event in real-time and integrate various multidimensional influencing
factors (Xiao et al., 2021).

The changes in the development of sports sponsorship evaluation models describe the
cyclical nature of research methodology and technical means (Liu et al., 2024). Early
research was mainly preoccupied with such readily measurable factors as the length of
media exposure and advertising value equivalents where linear regression models were
applied to seek simple patterns regarding brand awareness with reference to sponsorship
investment. Although such by nature, operationally simple, they neglected the complexity
of the mechanisms of sports sponsorship- it is not only an economic transaction but a
complex system influencing consumer cognition and emotional identification and social
dissemination. Multidisciplinary convergence has seen the evaluation models gradually
evolve into holistic models that include the impact of sales in the short term, brand health
in the mid-term, and customer relationships in the long-term (Cofano et al., 2022). The
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last few years witnessed the transformation of the evaluation methods due to the use of
artificial intelligence technologies. Convolutional neural network (CNN) visual
recognition applications can be used to automatically monitor the level and presence of
brand logos in broadcast videos (Lv and Cai, 2025). The technology of natural language
processing (NLP) sentiment analyses the contents of social media in order to reveal the
changes in the discourse of the population caused by sponsorship operations (Tafazoli
et al., 2019). Markedly, dynamic assessment methods are becoming an untrodden field.
The 2023 Qatar World Cup was the first to introduce an Al sponsorship matching system
which dynamically changed the presentation strategy of sponsorship information based
on real-time match progress and audience gaze behaviour, which increased sponsor brand
attention almost 40 times. Even more recent experiments by the sports industry research
centre at Tsinghua University confirm that forecasting critical match situations through
machine learning models and the execution of sponsorship content on these windows can
increase audience gaze hit-rates to 3.2 times as high as with conventional methods. These
technologies prove how much potential data-based paradigms can have in terms of
measuring the value of sponsorship (Singh et al., 2016).

But the current study continues to have three significant dilemmas to reach accurate,
timely, and comprehensible judgments. To start with, majority of their evaluation models
do not respond well to the dynamic nature of the sporting events. The nature of sports is
that the sport can be unpredictable, one goal or a controversial referee decision can easily
change the mood and division of attention among viewers, and thus have a significant
effect on the exposure value of a sponsor brand. Conventional forms of evaluation, which
depend on constant weights and a regular averaging scheme, do not reflect these micro
level variability and the results systematically diverge between the estimated value and
the actual result. Second, there are strong difficulties in Multi-source heterogeneous data
integration. The value of sponsorships is dimensionally affected by factors such as match
progression, media coverage, and consumer psychological response, however these data
are both largely varied in their format, granularity and frequency of generation. Although
there are relatively new technologies available to measure the spatio-temporal
interactions between match events, including the neural spatio-temporal point process
(NMSTPP) model (Jiang et al., 2021), there are physiological signals, including the heart
rate variability and neural activity (e.g., the brain alpha waves) that have been proven to
be technically difficult to integrate in an evaluation system. Third, the interpretability of
the models is not enough to be used practically. Although deep learning models have
strong Nonlinear fitting features, their black box nature of evaluation makes the
evaluation offer conclusions that could not be reached through clear logical reasoning
processes leading to difficulties in obtaining the complete confidence of event organisers
and sponsors (You et al., 2018). This drawback is especially conspicuous in the situations
where there is a need to have a definite scope of responsibility assigned and the source of
risk identified, including the ability to resolve sponsorship conflicts (Krka, 2024).

To address these challenges, this paper proposes a neuro-symbolic fusion learning-
sports sponsorship value evaluation model (NSFL-SVEM). Named after its core
methodology — neuro-symbolic fusion learning — this model aims to synergistically
integrate the perceptual capabilities of neural networks with the reasoning abilities of
symbolic systems, offering a novel technical pathway for sponsorship value assessment.
At the theoretical framework level, the model introduces multi-state theory (MuSt),
conceptualising sponsorship value as a dynamic construct that continuously evolves
within the event environment. Its state transitions are driven by multiple factors including
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event characteristics, brand-event fit, and consumer cognitive states (Wan and Wang,
2024). At the technical implementation level, the model employs neural network
components to process multimodal data in real-time from stadium sensors, social media
streams, and biometric monitoring devices, capturing micro-fluctuations in audience
attention and emotional responses. simultaneously, a symbolic system component
embeds evaluation rules and historical case knowledge from domain experts, providing
logical constraints and semantic interpretation for neural network outputs. This
bidirectional coupling mechanism not only accelerates the model’s responsiveness to
event dynamics but also enhances the credibility of evaluation results through the
transparency of symbolic reasoning. Notably, the model adopts the processing logic of
parallel constraint satisfaction (PCS) networks, framing sponsorship value assessment as
a multi-constraint optimisation problem. This approach enables confidence-weighted
evidence from diverse data sources and conflict resolution within a unified framework,
yielding more robust evaluation conclusions (Messarra et al., 2016).

This paper has theoretical and practical importance. In the academic evolution
perspective, the presented neuro-symbolic computing of a cutting-edge Al paradigm
advances the field of sports sponsorship evaluation research, on the next stage of
paradigm shift not being data-driven but being knowledge-informed, data-empowered.
Regarding its industry application, the dynamic evaluation features of the model allow
sponsors to clearly understand the patterns of value fluctuations, and optimise the
sponsorship activation strategies; event organisers to scientifically price the sponsorship
right packages and maximise returns on sports assets, and regulatory authorities to have
technical means with which to regulate the hidden marketing sector and level sells the
market. More importantly, in the context of the increased digitisation of the sports
business environment, this study provides a fundamental element towards establishing a
trust-transparent sponsorship value measurement environment. It is set to accelerate the
overall industry out of experience-based, all-encompassing management and into a new
era of statistics-based, sophisticated processes (Heucher et al., 2024).

2 Related research

2.1 The development and evolution of sports sponsorship value assessment
models

The theory and practice of evaluating sports sponsorship value have undergone a
significant evolution from single metrics to comprehensive systems (Png et al., 2024).
Early research primarily focused on media exposure value, employing the equivalent
advertising cost method for calculation. Its core formula can be expressed as:

N

Vinedia :Z(ZRI) (1)

i=1

where T; represents the duration of the i exposure, and R; denotes the corresponding
advertising rate per unit time. The first one is that even though it is an intuitive and easy
to compute method, its main weakness is that it simplifies sponsored exposure to hard
advertising, and it does not take into consideration the specific psychological effect and
emotional connection process that sponsorship activities inherently involve. This
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methodological simplification represents a significant limitation because it fails to
account for the complex, multi-dimensional nature of consumer-brand interactions that
sponsorship is uniquely positioned to foster. Unlike straightforward advertising,
sponsorship can build deep emotional resonance and foster long-term loyalty through
associative learning and shared experiences during live events. By reducing this rich
psychological process to mere media time, the model overlooks the very mechanisms that
often make sponsorship a more valuable marketing investment than traditional
advertising. As the theory of marketing developed, the researchers started to include more
intermediary variables to evaluate, including brand equity and consumer behavioural
intentions, which complicated psychometric models (Cruz-Milan, 2021). As an example,
the forms of assessment via structural equation modelling is trying to measure the effect
of the sponsorship activities towards the brand loyalty via path analysis where the
association can be set like:

n=Bn+I¢é+{ (@)

where 7 represents endogenous latent variables (such as brand loyalty), ¢ denotes
exogenous latent variables (such as sponsorship investment), B and I" are path coefficient
matrices, and ¢ is the error term. But the vast majority of these models are based on
cross-sectional information, and the formation of sponsorship value is not sufficiently
reflected in them (Grisogono and Belus$i¢, 2016). The recent years have seen the
emergence of novel possibilities of dynamic evaluation through the introduction of big
data and machine learning technologies. Time series modelling, e.g., autoregressive
integrated moving average (ARIMA) has started being used to predict sponsorship value.
Its basic form is:

(1—2[}:@'}(1—@@, =(1+Zq:9,-ﬁ]e, 3)

where y; is the time series variable, L is the lag operator, ¢ and 0 are parameters, and ¢ is
white noise. These methods, though proven effective at the beginning, are always
black-box operations in their nature. They do not have mechanisms which would help
them combine knowledge in domains such as sponsorship tiers and compatibility of
brands and events with information. This leads to impairments on the interpretability and
decision support utility of evaluation results (Kumar et al., 2017).

2.2 Fundamental principles and advances in neural-symbolic fusion learning

As a new state-of-the-art trend in artificial intelligence, neurosymbolic integration is an
effort to harness the perceptual and pattern recognition prowess of neural networks with
the interpretability and explanatory benefits of symbolic systems. Its basic structure
usually includes a neural network part, which finds features of the raw data (i.e., images
or texts) and a synoptic base of knowledge that carries out deductive logic in the context
of symbolic logic. Information flow between these two elements is the key to successful
integration (Aluvalu et al., 2024). At the moment there are two primary paradigms
loosely coupled and tightly coupled. The symbolic reasoning that can be described as: is
the input of the symbolic reasoning process of the loosely coupled paradigm based on the
output of the neural network:
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§=K(fo(X)) 4

where fy is a neural network parameterised by 6, X is the input data, C is the reasoning
function of the symbolic knowledge base, and S is the final symbolic output. This
paradigm is simple to implement, but information flows unidirectionally, preventing
symbolic knowledge from guiding the neural network’s learning process in reverse.

To overcome this limitation, the tightly coupled paradigm emerged (Michael et al.,
2018). It enables symbolic knowledge to be embedded in a differentiable manner within
the neural network training process by designing a joint optimisation objective. Its loss
function is typically defined as

[mtal = 'Cdata (y, j}) + j“Csymbolic (’C: fé (X)) (5)

where L., is the data loss term measuring the discrepancy between the predicted value
» and the true label y, while L, is the logical loss term assessing the consistency

between the neural network output and the symbolic knowledge K. A serves as the
hyperparameter balancing the weights of these two terms. The logical loss term can be
implemented in various ways. For instance, if symbolic knowledge is represented as
logical rules 7: P = Q, fuzzy logic can be employed to transform it into a differentiable
loss constraint as follows:

‘Csymbolic =1-min (luP > Ho ) (6)

where up and pp represent the truth values of propositions P and Q, respectively. Neural
symbolic learning has demonstrated significant potential in tasks such as knowledge
graph reasoning and visual question answering. The practical applicability and robustness
of neuro-symbolic fusion learning are further evidenced by its successful deployment
across diverse and demanding sectors beyond computational linguistics and vision. For
instance, in healthcare, it has been utilised for complex diagnostic support systems that
integrate medical imaging data with clinical knowledge bases, while in finance, it powers
risk assessment platforms that combine real-time market data with regulatory
frameworks. These cross-domain successes compellingly demonstrate the paradigm’s
adaptability and its capacity to tackle problems requiring the synergistic integration of
data-driven pattern recognition and structured expert knowledge. It has provided an
innovative technical solution to the unification of data-driven and knowledge-based
approaches to the evaluation of sports sponsorship. Along with the encoding of expert
rules of the marketing domain as symbolic knowledge and the ability to interact with
neural network models that are trained on multi-source data bidirectionally, it can be
constructed that dynamic evaluation models can be accurate and reliable.

3 NSFL-SVEM model construction

The suggested dynamic model of sports sponsorship value based on the neural-symbolic
fusion learning model focuses on the creation of a bidirectional driving system of the
evaluation that incorporates information and knowledge. This architecture contains four
layers of processing namely: data layer, fusion layer, reasoning layer and application
layer. At the data layer, this system starts with the gathering and pre-treatment of
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heterogeneous data which come in a multi-source. This incorporates live video feeds of
event boasts, textual remarks of social media and internal company sales logs and brand
health indicators based on market studies. The interconnected fusion layer is the technical
centre of the model, which takes the feature vectors generated in the data layer and
designs their joint modelling with our designed neural-symbolic fusion learning model.
The components of neural networks used here are used to encode both nonlinear patterns
and time dependence of complex high-dimensional data, and the components of symbolic
systems bring in expert knowledge and logical constraints of the domain that are used to
perform evaluation tasks. Both the components are involved in the exchange of
bidirectional information and a collaborative optimisation via a differentiable interface.
The joint representations of the fusion layer are processed by the reasoning layer and are
converted into multidimensional indices of sponsorship value, through a dynamic
computational engine, and necessitate giving symbolic explanations of the changes in
value. Lastly, in the application layer, the system provides the structured evaluation
results in a graphic form, to provide decision-makers with dynamically responding to
sponsorship strategies and accurate measurement of the return on investment. This
framework essentially solves the dilemma of the traditional evaluation models which
either allow themselves to too heavily depend on data at the cost of common sense or
follow the letter of the law too strictly and do not evolve with the changing environment.

3.1 Multi-source data preprocessing and feature engineering

To ensure the quality and consistency of model input data, we designed a standardised
preprocessing workflow. For numerical data such as media impressions Cimpression and
instant sales S, we employ standard score (Z-score) normalisation to eliminate
dimensional effects and accelerate model convergence. The choice of Z-score
normalisation was a deliberate one, motivated by its superior statistical properties
compared to alternatives like min-max normalisation. Given that real-world sponsorship
data often contains extreme values or outliers — such as sporadic, high-value sponsorship
activations or unexpected viral social media engagement — Z-score normalisation is more
robust as it is less sensitive to these extremes. This method preserves the relative
distribution of the data while standardising the features, thereby leading to more stable
model training and more reliable convergence during the optimisation process. The
calculation method is as follows:

Xnorm = il (7)
o

where x represents the raw data, u denotes the mean of this feature across all samples, and
o indicates its standard deviation. For time-series data, we additionally employ a sliding
window approach to construct samples, with the window size W set to seven days based
on the event cycle to capture short-term value fluctuation trends.

For unstructured text data (e.g., social media comments), we employ the pre-trained
language model bidirectional encoder representations from transformers (BERT) for
semantic feature extraction and sentiment analysis. First, each comment 7; is input into
the BERT model to obtain its sentence vector representation hggrr. Subsequently, a fully
connected layer maps this to a sentiment polarity score Ssensimens, calculated as follows:
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Ssentiment = O-(Wv : l'lBERT + bs ) (8)

where W, and b, represent the weight and bias parameters of the sentiment classification
layer, while o denotes the Sigmoid activation function that compresses scores between 0
(extremely negative) and 1 (extremely positive). This sentiment score serves as a key
indicator reflecting public opinion toward the sponsored brand.

Figure 1 System framework diagram of the dynamic evaluation model (see online version
for colours)
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For image data (such as broadcast video frames), we employ the you only look once
version 5 (YOLOVS) object detection algorithm to automatically identify and count the
occurrences of brand logos. The detection process can be described as follows:

B,C=YOLOV5(Z,) 9

where /; denotes the video frame at timestamp ¢, B is the set of detected bounding boxes,
and C represents the corresponding confidence scores. We not only count the number of
exposures but also calculate weighted exposure quality.
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Opyposre = Y, C; - Size(B;)- Centrality (B; ) (10)
J

where Size(B;) denotes the area proportion of j within the frame, while Centrality(B;)
represents its positional weight relative to the frame’s centre, thereby enabling a more
precise quantification of exposure value.

3.2 Neural symbol fusion learning mechanism

3.2.1 Neural network component

The neural network component serves as a multimodal encoder responsible for extracting
high-level abstract features from preprocessed data. We employ a long short-term
memory (LSTM) network to process temporal features such as sequential sales revenue
and media volume data. The LSTM architecture was specifically selected for its inherent
ability to model and capture long-range, non-linear dependencies within sequential data.
This characteristic is paramount for our application, as the value of a sponsorship is not
merely a function of immediate events but is influenced by a complex interplay of factors
unfolding over the entire duration of a tournament or season. Unlike simpler recurrent
networks or other time-series models that may struggle with vanishing gradients, LSTM’s
gating mechanism allows it to retain and utilise relevant information from distant time
steps, making it exceptionally well-suited for tracking the evolving narrative of
sponsorship value across extended sporting events. The LSTM computes at each time
step ¢ as follows:

f,ZU(Wf'[h,_l,Xl]+bf) (ll)

where f; is the output of the forget gate, a vector between 0 and 1 that determines how
much information from the previous cell state C. is retained. o is the Sigmoid activation
function, Wy and by are the weight matrix and bias vector corresponding to the forget
gate, [h.i, x,] denotes concatenating the previous hidden state h.; with the current input
X, into a longer vector.

i, =c(W;-[h_, x]+b;) (12)

where i, is the output of the input gate, a vector between 0 and 1 that determines how
much information from the current candidate state C, needs to be updated into the cell
state. W; and b; are the weight matrix and bias vector corresponding to the input gate.

6[ =tal’lh(WC'[ht_1,Xt]+bc) (13)

where C; is the candidate cell state at the current time step, representing a new
information proposal that incorporates both the current input and past states. Its value
range spans from —1 to 1. tanh denotes the hyperbolic tangent activation function, while
W¢ and b¢ denote its corresponding weight matrix and bias vector.

C =f,0C._+i,0C (14)

where C: is the updated cell state at the current time step, representing the long-term
memory of the LSTM. This formula is the core of the LSTM. It controls the degree of
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forgetting past memory C.; through the forget gate f;, while simultaneously controlling
how much new information C; is added to the memory via the input gate i. © denotes
element-wise vector multiplication (Hadamard product).

0, = (W, [h,x,]+b,) (15)

where o, is the output of the output gate, a vector between 0 and 1 that determines how
much information from the current cell state C, will be passed to the final hidden state h,.
W, and b, are the weight matrix and bias vector corresponding to the output gate.

h, =0, ©tanh(C,) (16)

where h;, is the hidden state at the current time step and also the final output of the LSTM
cell to the outside. It is obtained by the output gate o, adjusting the cell state tanh(C,) after
scaling it through the tanh function, representing the short-term memory of the LSTM.

To integrate features from different modalities, we introduce a multi-head attention
mechanism. Given a feature set {zi, 72, ..., Zx} from K modalities, the query-key-value
computation is defined as follows:

Qi =Wz (17)

where Q; is the query vector for the i attention head. W¥ is a trainable weight matrix

specifically designed for generating query vectors. z; is the feature vector input to this
attention head. This formula serves to linearly project the original input features onto a
subspace representing the ‘query’.

Ki = WKZ,' (18)

where K; is the key vector of the i attention head. WX is a trainable weight matrix

specifically designed for generating key vectors. This formula performs a linear
projection of the original input features onto a subspace representing the ‘interrogated’
domain, facilitating matching with the query vector.

Vi=Wz (19)

where V; is the value vector of the i attention head. W/ is a trainable weight matrix

specifically designed for generating value vectors. This formula performs a linear
projection of the original input features onto a subspace representing ‘relevant
information’, whose contents will be aggregated based on attention weights.

KT
Attention(Q;, K;, V;) = softmax{Q’ ! JV,- (20)

Ja

where Attention(Q;, K;, V;) is the final output of the i attention head. Q;K7 computes the

dot product between the query vector and the key vector, yielding an attention score that
indicates the matching degree between the query and the keys. di denotes the dimension

1
Ja:

becoming excessively large, which could cause vanishing gradients in the Softmax

of the key vector K,. The scaling factor

prevents the dot product result from
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function. The softmax(-) function normalises the attention scores into a distribution of
attention weights that sum to 1. The final output is a weighted sum of the attention
weights and the value vector V;, enabling the output to focus on the value information
most relevant to the query.

3.2.2 Symbolic knowledge base construction

The symbolic knowledge base incorporates domain expertise and business rules specific
to the sports sponsorship sector, represented in first-order logic. We have defined several
atomic propositions and logical rules. For example, atomic propositions include:
HighExposure(t), PositiveSentiment(t), HighSpending(f). Based on these atomic
propositions, we construct logical rules such as rule V¢, HighExposure(t) A
PositiveSentiment(f) = HighValue(f), indicating that high sponsorship value occurs when
high exposure and positive sentiment coexist. To enable collaborative training of these
symbolic rules with neural networks, we employ fuzzy logic to transform logical
implication relationships into differentiable loss functions. Specifically, we utilise a
relaxed representation of tukaszewicz logic. The truth value of a conjunction a A b is
approximated as max(0, a + b — 1), the truth value of a disjunction @ v b is min(1, a + b),
and the truth value of an implication @ = b is min(1, 1 — a + b). Here, a and b represent
the truth values of atomic propositions, which continuously vary within the interval
[0, 1]. These values are obtained by passing the corresponding neural network outputs
through a Sigmoid function.

3.2.3 Fusion and joint optimisation

The integration of neural and symbolic components is achieved through a joint loss
function. This function comprises two components: data loss and symbolic logic loss:

£tutal = ‘Cdata + )“Csymbolic (2 1)

where 4 is a hyperparameter used to balance the importance of the two loss terms. The
data loss L, employs the standard mean squared error (MSE):

1 & ~ 2
Liu —ﬁ;(y,- =) (22)
where y; is the true sponsorship value and y; is the model’s predicted value.
The symbolic logic loss L. aims to penalise inconsistencies between model

outputs and rules in the symbolic knowledge base. For a given rule r, we expect its
satisfaction level to be as high as possible. Thus, the symbolic loss is defined as the
average of all unsatisfied rules. For the aforementioned rule ri, its loss term is:

15
L, =1- N z min(l,1— HighExposure(t;) - PositiveSentiment(t;) + HighValue(t;)). The
i=1
total symbolic loss is the sum of all rule losses: Lgpoic = Z[,,% By simultaneously
&
optimising Ly, and Lyupoue through backpropagation, the model learns not only to fit
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the training data but also to adhere to domain-specific rules. This approach enhances both
generalisation capability and interpretability.

3.3 Calculation and output of dynamic evaluation metrics

The model’s final output is a comprehensive, dynamically evolving sponsorship value
index (SVI). This index is not a linearly weighted combination but is dynamically
weighted based on features generated by the fusion layer:

SVI(t)=w(t)" -v(t)+b 23)

where v(f) is a multidimensional value vector generated by the model at time ¢,
comprising sub-dimensions such as media value, sentiment value, and brand influence
value. w() is a dynamic weight vector that changes over time. It is adaptively computed
by the neural-symbolic fusion module based on the current contextual environment (e.g.,
event phase, public opinion focus), while b represents the bias term.

The computation of each sub-dimension also incorporates dynamic characteristics.
Taking the media value Veqiq(f) as an example, its calculation method is as follows:

1
1+ e ¥(Qexposure (1)=00)

Vmedia (t) = ‘In (Eequivalent (t) + 1) (24)
where Qegosure(f) 1s the aforementioned weighted exposure quality, and Eeguivaiend?) s the
equivalent advertising value. The quality of exposure is put on a scale [0, 1] with the
Sigmoid function (a slope coefficient and base of quality being k£ and Qp respectively),
which is then logarithmicised to smooth the long-tail distribution of equivalent
advertising value. This design is designed to make sure that media value computation is
not a pure lame shift anymore, but it is a moving process that incorporates principles on
economics like a declining marginal utility.

Finally, this model provides the overall SVI SVI(¢) of each evaluation time point ¢ as
well as its dimensional break-down. The symbolic reasoning module is able to produce
natural language explanations using trigger rules, e.g.: The current rise in value of
sponsorship is mostly due to the fact that the quality of brand exposure during crucial
scoring acts in the match has increased substantially and the change in the outlook of
people in the social media cut across to utter positive sentiment. This gives the decision-
maker valuable evaluation gives an in-depth, comprehensive and easy to comprehend
evaluation. The dynamic nature of the SVI provides sponsors with actionable, real-time
intelligence that can directly inform and optimise marketing execution. A concrete
operational example would be a sponsor leveraging a live SVI dashboard during a
broadcasted game; upon observing a sharp increase in the index triggered by a pivotal
moment, such as a halftime performance or a game-winning play, the sponsor could
immediately re-allocate digital advertising budget to capitalise on the heightened
audience engagement, or trigger pre-prepared social media content to align with the peak
visibility, thereby maximising return on investment at the most opportune moments.
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4 Experimental design and results analysis

4.1 Experimental setup and evaluation criteria

4.1.1 Dataset and preprocessing

In this research, the researcher employs a Nielsen sports sponsorship public dataset
(2018-2023) as the experimental basis since this data covers sponsorship statistics of six
major leagues, such as the premier league and NBA. The Nielsen sports sponsorship
dataset was selected as the empirical foundation for this study based on a set of critical
criteria essential for rigorous research. Its primary advantage lies in its comprehensive
coverage of major global leagues and properties, including the Premier League and the
NBA, over a multi-year period. Furthermore, its established reputation and widespread
recognition within the sports analytics industry provide a strong assurance of data quality,
consistency, and reliability. This ensured that our experimental analysis and subsequent
conclusions are built upon a representative and trustworthy data source, thereby
enhancing the validity and generalisability of our findings. The data set will contain the
following key metrics: lifetime of media exposure (hours), social media posts (posts),
brand health index (0-100), sales in real-time (thousand USD) and costs of sponsorship
activation (million USD). To provide a solid evaluation, we separated the data into
training and testing sets in a 7:3 ratio and used time-series cross-validation to assess the
data set.

At the preprocessing phase, the numerical features were standardised to Z-values and
time series interactive interpolation of missing values carried out. Given the cyclical
analysis of the events, data was grouped in a weekly basis resulting in 2,184 valid
samples each having 45 feature dimensions.

4.1.2 Comparison of parameter settings and algorithms

In order to have a full assessment of the performance of the NSFL-SVEM model, we
decided to compare it with the following five benchmark models. All comparison
algorithms were used in exact terms set out in the original paper: Traditional evaluation
model: Media value conversion model, that, i.e., returns on sponsorship calculated on the
basis of equivalent advertising value. Classic machine learning model: extreme gradient
boosting (XGBoost) regression model, with learning rate set to 0.1, maximum depth to 6,
and 1,000 iterations. Time series forecasting model: LSTM network, with hidden layer
dimension set to 128, Adam optimiser, and learning rate of 0.001. Graph neural network
model: spatio-temporal graph convolutional network (ST-GCN), used to model complex
relationships among sponsors, events, and audiences. Neural symbolic baseline:
rule-constrained neural network (rule-constrained NN), incorporating domain knowledge
as soft constraints within the loss function. NSFL-SVEM model parameters are
configured as follows: Fusion weight 4 = 0.7, neural network hidden layer dimension
128, symbolic rule library containing 50 expert rules, batch size 32, training epochs 300.
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4.1.3 Evaluation metrics

The following four metrics are used to comprehensively evaluate model performance:

1 .
Root mean square error (RMSE): RMSE = NZ( Vi — Vi )2. Mean absolute percentage
i=1

100% & v — 3
error (MAPE): MAPE = 1907 P
N F v
Measures the consistency of ranking between predicted and actual values. R? coefficient
of determination: Reflects the proportion of variance explained by the model.

Spearman’s rank correlation coefficient:

4.2  Analysis and discussion of results

4.2.1 Overall performance comparison

The performance comparison of each model on the test set is shown in Table 1.
According to the comparison results, the NSFL-SVEM model achieves optimal
performance across all metrics, with RMSE reduced by 17.2% and MAPE reduced by
17.6% compared to the best baseline model (rule-constrained NN). This indicates that
neural-symbolic fusion learning can effectively enhance the accuracy of sponsorship
value assessment. The significantly improved Spearman correlation coefficient (0.847)
demonstrates the NSFL-SVEM model’s superiority in prioritising sponsorship proposals,
which is crucial for practical sponsorship decision support.

Table 1 Performance comparison of different models on the Neilson sports sponsorship test
set

Model RMSE A/[(zg/ole Spearn:;z};i ;(Z;lrtelation R Traini};riicrllz)tration
Media value 0.892  25.63 0.451 0.388 -
conversion
XGBoost 0.647 1521 0.668 0.678 4.5
LSTM 0.523 12.75 0.731 0.790 21.3
ST-GCN 0476  11.52 0.762 0.826 35.7
Rule constraints 0.441 10.83 0.801 0.851 289
NN
NSFL-SVEM 0.365 8.92 0.847 0.898 422

model (ours)

4.2.2 Dynamic evaluation performance analysis

To test the dynamic evaluation features of NSFL-SVEM model, we took a deeper
analysis on the data of one of the sponsors during the 2022 World Cup in Qatar. The
findings show that the NSFL-SVEM model can be used to predict value changes at the
critical points in the tournament, including finals and semifinals, much better than the
benchmark models.
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Figure 2 Performance comparison of different models on the test set (see online version
for colours)
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Figure 3 Dynamic evaluation results of brand sponsorship value during the 2022 Qatar World
Cup (see online version for colours)
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The NSFL-SVEM model correctly represented this abrupt increase in values especially in
the last stage when the sponsor brand exposure was 30% more than the standard duration
attributed to overtime. The classical LSTM model, on the other hand, had a response time
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of up to 2 hours and 42% maximum prediction error. The observed performance lag in
traditional models, such as the standard LSTM, during critical event milestones can be
primarily attributed to their architectural inability to dynamically incorporate and reason
with high-level, contextual domain knowledge. While they are proficient at identifying
temporal patterns from historical data, they lack a mechanism to integrate real-time,
symbolic rules — such as the dramatically increased weight of a sponsorship exposure
during a final match or an overtime period. Our model addresses this fundamental
limitation through its neuro-symbolic design, where the symbolic reasoning module
explicitly encodes and applies these contextual rules, allowing for instantaneous
adaptation to the heightened significance of critical moments that pure data-driven
models fail to grasp in a timely manner. Such performance can be directly explained by
the presence of the so-called event criticality weighting rules and sudden exposure gain
rules included in the symbolic system of the NSFL-SVEM model that prove the adaptive
properties of neural-symbolic fusion under dynamic conditions.

4.2.3 Component ablation experiments

To evaluate the performance of the NSFL-SVEM model across dimensions, we
conducted ablation experiments from three perspectives: accuracy, efficiency, and
complexity. The results are shown in Table 2. Regarding architectural effectiveness, the
full model achieved optimal performance across all accuracy metrics. Removing the
multimodal fusion function caused a 19.5% increase in RMSE, while eliminating
temporal modelling resulted in a 35.6% performance drop, demonstrating the necessity of
the multi-source dynamic evaluation framework. Regarding efficiency, while the full
model has the highest parameter count (15.3 M) and longer inference latency (42.2 ms), it
demonstrates significant accuracy advantages in complex sports sponsorship scenarios.
The lightweight variant offers a viable alternative, achieving a 47% increase in inference
speed and a 57% reduction in parameters while sacrificing only 9% accuracy.

Table 2 NSFL-SVEM model ablation experiments and comprehensive efficiency analysis

Spearman’s Number of

Model configuration ~ RMSE M(ff/le correlation la]t}Z;e é’en(;lev ) parameters

K coefficient V(e (M)
Neural network only ~ 0.458 11.37 0.758 45.2 12.8
Symbolic system 0.512 13.86 0.695 8.7 0.05
only
No multimodal 0.436 10.89 0.785 38.5 9.2
fusion
Non-temporal 0.495 12.45 0.723 253 7.1
modeling
Lightweight 0.398 9.95 0.821 28.6 6.5
NSFL-SVEM
Complete 0.365 8.92 0.847 422 15.3

NSFL-SVEM model

Notably, the purely symbolic variant achieved the highest efficiency (inference latency of
only 8.7 ms) but the poorest performance (RMSE = 0.512), validating the limitations of
rule-based approaches in handling complex sports sponsorship scenarios. Conversely, the
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purely neural network variant exhibited interpretability shortcomings despite
outperforming the purely symbolic system.

In summary, ablation experiments demonstrate that the complete NSFL-SVEM model
achieves an optimal balance between accuracy and efficiency, with the neuro-symbolic
fusion architecture effectively overcoming the limitations of single-method approaches.

4.2.4 Case study: tracking a brand’s sponsorship value

We further demonstrate the practical value of the NSFL-SVEM model through a case
study. Selecting a well-known sports brand’s sponsorship activities during the 2023 NBA
season as the analysis subject, we used the NSFL-SVEM model to track its sponsorship
value on a weekly basis. Results demonstrate that the NSFL-SVEM model accurately
forecasted the brand’s sponsorship value peak during the all-star weekend (215% higher
than regular season levels) and issued a value decline warning three weeks in advance
due to team performance deterioration in the latter season, indicating the necessity for
sponsorship activation strategy adjustments. In contrast, traditional media value
conversion models only provide lagging factual descriptions and cannot support
forward-looking decision-making.

In this case study, the NSFL-SVEM model’s symbolic system identified the rule
‘all-star event weighting factor = 2.5°, while its neural network component captured fans’
positive emotional sentiment toward brand creativity from social media data (emotional
scores increased from 0.62 to 0.89). The integration of these two components enabled a
more precise and comprehensive evaluation.

Through the above experimental analysis, we have comprehensively validated the
NSFL-SVEM model’s superior performance, component necessity, and practical
applicability in dynamic sports sponsorship value assessment, establishing it as a reliable
intelligent support tool for sponsorship investment decisions.

5 Conclusions

This work discusses the problems of dynamic assessment and multi-source data
integration in sports sponsorship valuation proposing a dynamic assessment model
through neuro-symbolic fusion learning. This model is proven to be highly successful in
experimental outcomes where it outperforms the traditional evaluation techniques and
modern machine learning models on the Neilson public dataset. Root mean square error
is decreased to 0.365 which is 17.2% compact against the ideal benchmark model, and
the mean percentage error is held within a range of 8.92. This establishes the suitability
and versatility of neural-symbolic fusion learning in intricate sports sponsorship
circumstances.

In theory, the central contribution of the present research consists in the introduction
of a new paradigm in sports sponsorship assessment that combines both the information-
based methods and knowledge-based considerations. It eliminates the tension between
interpretability and dynamic adaptability of conventional evaluation models by devising a
two-way interaction mechanism between neural networks and symbolic system. To be
more precise, the symbolic system allows the model to understand and implement
domain knowledge, say, by improving brand-event fit, which increases brand sponsorship
value; the neural network component makes the model perceive intricate aspects, such as
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social media sentiment and real-time exposure quality. Such a combination process does
not only increase the predictive accuracy but also provides the model with a human
expert type of reasoning transparency as a new development in an evaluation theory to
sports marketing.

On the practical level, this study would offer practical decision-support systems to all
stakeholders within the sports sponsorship chain of the industry. To the sponsors, the
dynamic value index and risk assessment found in the NSFL-SVEM model allows them
to make timely changes in the activation strategies across the sponsorship cycle in order
to optimise the marketing budget allocation. Empirical evidence indicates that the model
has high accuracy of 89% to predict value peaks during value-driven moments such as
the all-star weekend, which offers data-driven evidence to estimate the best-value
sponsorship opportunities. The model provides scientific pricing standards on
sponsorship rights to event organisers and eliminates undervaluation and failure of
auctions that result due to unrealistic pricing. The model simulated values, especially in
negotiations of long-term sponsorship contracts, are very critical as points of reference in
developing a contractual term. To the industry regulators, the uniform assessment
structure helps them expose the fair and clear system of valuation of sponsorships,
eliminating market conflicts.
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