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Abstract

[Purpose/Significance]Conducting multimodal feature analysis and service
effectiveness enhancement for digital community consumers provides new
perspectives for intelligence-empowered online community construction
and new impetus for relevant departments to deploy digital decision-
making.[Method /Process|By integrating community characteristics, we
construct data dimensions for consumer segmentation, achieve segmen-
tation through secondary aggregation of 24 indicator data within these
dimensions, and establish parameter, decision variable, and function ta-
bles, thereby analyzing consumer multimodal features and realizing the
enhancement of digital consumption service effectiveness based on these
features.[Results/Conclusion|Empirical analysis results demonstrate that the
proposed model can generate reasonable and effective segmentation results,
thereby enabling inter-cluster feature differentiation and analysis of inter-
cluster penetration and drift phenomena; the segmentation results reveal six
consumer groups: key, central, special, dormant, churned, and general clusters.
The vast majority of clusters exhibit user penetration phenomena, while only
the general user cluster experiences inter-cluster drift; the service effectiveness
enhancement model indicates that the groups of greatest concern and value are
the central and key clusters.
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[Purpose/Significance] Multi-modal feature analysis and service efficiency
improvement for digital community consumers can provide new perspectives
for building digitally empowered online communities and offer new impetus for
relevant departments to deploy digital decision-making. [Method/Process]
This study constructs data dimensions for consumer clustering based on com-
munity characteristics, performs secondary aggregation on 24 indicator data
under these dimensions to achieve clustering, and constructs parameter, deci-
sion variable, and function tables to analyze consumer multi-modal features.
Based on these features, digital consumption service efficiency enhancement is
realized. [Results/Conclusions] Empirical analysis results demonstrate that
the proposed model can generate reasonable and effective clustering outcomes,
enabling inter-group feature differentiation and analysis of penetration and drift
phenomena between groups. The clustering results reveal six consumer groups:
focus, center, special, sleeping, loss, and general groups. Most groups exhibit
user penetration, while only the general user group shows inter-group drift. The
service efficiency enhancement model indicates that the center and focus groups
are the most valued.
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1 Introduction

In recent years, digital consumption has opened a new pattern of intelligent
life for residents, defined as the practice of promoting and selling products and
services through digital communities [1]. The planning outline explicitly pro-
poses the Digital China strategy, aiming to seize the opportunities of the era,
accelerate digital transformation to foster new industrial modalities, and ex-
pand the digital economy as a new engine for economic growth [2]. As the main
participants in digital community activities and the primary subjects of digital
information consumption [4], consumers have become the focal point for service
optimization. How to conduct service optimization centered on consumers has
gradually become a research hotspot. However, digital product suppliers have
not truly understood consumer groups, making it difficult to meet actual needs
through digital community consumption activities due to the lack of refined
operation models that match preferences. This study addresses digital commu-
nity consumers through clustering, analyzes multi-modal features, and conducts
service efficiency enhancement analysis, providing new solutions for digital in-
telligence empowerment and new perspectives for Digital China construction.
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2 Literature Review
2.1 Types and Content of Digital Community Consumption Activities

Digital community consumption activities can be categorized into four types
based on orientation: product and technology, regional, media, and digital cate-
gories. Regional classification divides into domestic [5] and overseas [6] based on
administrative jurisdiction. Media classification uses activity dissemination car-
riers, including software and hardware. Software includes internet+ platforms
[7], APPs or communities [8], and ecosystem-based operations [9]. Hardware
covers wearable devices under VR technology [10] and new intelligent terminals
[11]. Product and technology categories target commodity or brand promotion,
conducting digital ##i& based on product function realization [12], information
integration [13], and digital assets [14]. Digital categories specifically employ
high-precision technologies such as Al and eye-tracking to propose digital con-
sumption promotion strategies like SEO or PPC for brand strategic innovation,
establishing dynamic information feedback channels [15].

Research on digital communities mainly falls into four aspects: vitality stimu-
lation and operation strategies [16], focusing on analyzing digital activity oper-
ation mechanisms; precision content dissemination and user interpretation [17],
focusing on refined digital content recommendation mechanisms and consumer
analysis; talent cultivation and capacity building [18], focusing on human re-
source strategies under national digitalization strategies; and frontier theory
and technology applications [19,20], focusing on analyzing application scenarios
of cutting-edge theories and technologies.

2.2 User Portrait and Clustering Research

User portraits originated in e-commerce, with definitions covering three aspects:
data collection as the prerequisite, business correlation to reflect strong rele-
vance, and data mining as the foundation for user interpretation [21]. Portrait
implementation research divides into four categories: user preference-oriented
[22], emotion-oriented [24], theme-oriented [25], and user behavior-oriented [26]
solutions. The technology has been widely applied in the library and informa-
tion science field [27].

User clustering derives from the user portrait concept, representing a secondary
aggregation concept extended to consumption activities. For enterprises, cluster-
ing is a cost-reducing and efficiency-improving method for user analysis [28], ca-
pable of summarizing group characteristics and multi-modal information such as
relationships and behavior preferences. Representative research includes Zhan
Zhangfan’s [29] user clustering for product knowledge push, which formally de-
fines clustering models and designs clustering schemes based on clustering al-
gorithms through preference diffusion and feature extraction. Methods mainly
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divide into mathematical modeling and machine learning. The former designs
specialized algorithms, such as Song Song’s [30] algorithm for URL data. The
latter uses existing algorithms in machine learning models for automatic clus-
tering, such as Wu Yanling and Sun Siyang’s [31] adaptive natural gradient
algorithm for optimal clustering.

2.3 Online Service Efficiency Improvement Research

As a new service mode in the mobile internet era, online services differ signifi-
cantly from mature models in interaction levels, support modes, and experience
perception, particularly as online consumption activities often involve massive
instant messaging and interactions [32]. How to guarantee online service quality
and level to enhance user perceived satisfaction has become an urgent issue. Ex-
isting research divides into five categories by orientation: management efficiency
improvement [33], service efficiency optimization [34], environmental efficiency
improvement [35], layout adjustment [36], and user value orientation [37].

3 Methodology
3.1.1 Clustering Indicator System Establishment

Multi-modal feature analysis refers to the process of multi-source heterogeneous
data fusion and feature mining. By observing domestic and international user
portrait construction characteristics, indicators can be divided into user basic in-
formation [38], social conditions [39], and Users Generated Contents (UGC) [40].
Table 1 shows user portrait indicators and corresponding meanings. Among
them, user region, UGC themes, and keywords require data processing to trans-
form into portrait labels and clustering bases.

To effectively reflect digital community users’ original state and enhance clus-
tering scientificity, we selected 4 first-level indicators for analysis, as shown in
Table 2 . Group preference dimensions and data processing include 5 second-
level indicators requiring data processing: activity participation time, activity
frequency relative index, consumption frequency relative index, interest matrix
magnitude, and activity tendency score. The interest matrix magnitude refers
to the potential energy level, while activity tendency score uses the Logistic
regression formula for calculation.

3.1.2 Clustering Process and Implementation

The first step in clustering is user stratification—dividing users into several
non-overlapping parts based on characteristics to reflect their needs. However,
stratification methods easily overlook behavioral data gaps and £/24 user inter-
actions, making it difficult to globally interpret the causes of user participation
phenomena. Therefore, this study achieves equivalent stratification through
portrait construction, then aggregates portrait data to realize clustering.
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The clustering process design based on the AARRR (Acquisition, Activation,
Retention, Revenue, Referral) model [45] is shown in Figure 1 [Figure 1: see orig-
inal paper]. The process involves: preprocessing user raw data and mapping it
to the indicator system; using visualMap to construct label-associated datasets
from the indicator system; applying the AP (Affinity Propagation) algorithm
[46] to aggregate label data and realize portraits; and performing DBSCAN
(Density-Based Spatial Clustering of Applications with Noise) clustering on ag-
gregated data to achieve clustering. After clustering, groups are named using
the AARRR model, with the largest user base group designated as the general

group.

3.1.4 Inter-Group Penetration and Drift Phenomena

User group penetration refers to some users in a group tending toward other
groups, while drift refers to all users in a group tending toward other groups,
causing the original group to gradually dissolve without generating new groups.
Social Network Analysis (SNA) [47] is commonly used to study relationships
among social members and their impact on the overall network structure. This
study employs the group interaction discrimination method proposed by Hu
Changping et al. [48] for network construction and relationship interpretation.

From the user group co-occurrence perspective, label data from group data
builds links between potentially related labels to form networks. In relation-
ship interpretation, the number of associated labels serves as the co-occurrence
relationship strength metric. For penetration phenomenon identification, the
branch and bound method is primarily used. For drift user identification, the
Relpscost algorithm [49] in the open-source solver SCIP is employed.

3.2 Digital Community Consumption Service Efficiency Enhancement

Referencing Meng Xiuli et al’s method [50], this study constructs parame-
ters and decision variable functions (Table 3 ) based on user clustering results
and inter-group characteristics to determine the service efficiency enhancement
model and derive optimal behaviors and equilibrium conditions.

3.2.1 Parameter and Decision Variable Function Establishment Dig-
ital consumption comprises a three-layer network structure of suppliers, con-
sumers, and digital communities. The principle includes two main lines: in-
formation flow and commodity flow. Information flow involves suppliers («)
sending demands to digital communities (/3) after considering costs, while con-
sumers () decide whether to participate based on their own factors. Commodity
flow involves consumers () consuming time or other costs to obtain services or
products related to activities.

Assuming the probability of negative influence factors is Pj, the average per-
ceived service quality is st, and the actual quality is st-1, the model describes
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the cost-benefit relationships among the three parties. The parameter and deci-
sion variable functions include: consumer activity cycles, activity participation
consumption numbers, digital community platform numbers, supplier activity
initiation numbers, cost coefficients, benefit coefficients, and various interaction
metrics between parties.

3.2.2 Service Efficiency Enhancement Model Construction Modeling
assumptions include: activities initiated by suppliers will be joined by consumers
within a certain time; perceived service quality results from joint supplier-digital
community actions; all three network members are rational decision-makers
maximizing their own interests; and cost functions are continuous and differen-
tiable. The conceptual model aims to find optimal behaviors and equilibrium
conditions for suppliers, digital communities, and consumers.

The optimization problem for digital communities and consumers is convex. Us-
ing the projection method for variational inequalities, we obtain solutions for
decision variables and Lagrange multipliers in constraints. AdaBoost algorithm
is applied to transform efficiency enhancement into optimal planning and clas-
sification problems. Figure 3 [Figure 3: see original paper] shows the AdaBoost
efficiency improvement process, where weak models are trained iteratively, and
test set prediction errors update sample weights to form a final ensemble model
for benefit and loss discrimination of clustered user sets.

4 Empirical Analysis

Under Digital China strategic requirements, traditional enterprises are adapting
to diversified and upgrading digital consumption trends. The tobacco industry
has implemented market trend tracking, user precise portraits, and consumer
demand mining. This study uses Guangxi China Tobacco Industry Co., Ltd. as
an example, constructing a new dataset from its digital community consumption
platform. After filling missing values, removing duplicates, and standardizing
dimensions, 55,200 users’ 138,400 activity records from January 2021 to July
2022 were randomly selected for empirical analysis.

4.1.1 Clustering Results

Using the methods described in Sections 3.1 and 3.2, portraits were constructed
and DBSCAN algorithm aggregated them into clusters. When the number of
clusters was fixed at 6, the clustering silhouette coefficient indicated good effect
with inter-group cosine similarity below 0.4. Table 4 shows each cluster’s specific
morphology across dimensions.

Cluster 1, mainly in South China, shows strong activity participation, knowl-
edge dissemination themes, high consumption probability and frequency, reflect-
ing strong consumption willingness. Cluster 2’s UGC themes focus on activity
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effects, with high profit scores in impact dimensions and high implicit consump-
tion levels, indicating rational consumption capacity. Cluster 3, mostly in North
China with evening activity times, shows high consumption frequency and index,
entertainment attributes, and strong consumption capacity but low fission K-
value and profitability, reflecting low stickiness. Cluster 4 has high consumption
levels and explicit-implicit values, indicating key maintenance value. Cluster 5’s
UGC keywords relate to winning prizes, showing strong attraction to rewards.
Cluster 6 expresses stable user status with high expectations for the enterprise.

4.1.2 Naming Basis

After clustering, the variational method constructs a digital traffic funnel for
naming. Using rewritten AARRR models based on harmonic mean values, six
groups were identified: center (~17%), focus (~18%), special (~5%), sleeping
(~9%), loss (~30%), and general groups, constituting all digital community ac-
tivity users.

4.2.1 Commonality Analysis

To identify target group interactions, co-occurrence networks were constructed
with frequency threshold and repulsion factor set to 0.1, 10, and 80. Centrality
analysis shows center and sleeping groups as most and least active respectively.
Center groups should be fully utilized while sleeping groups require guidance
and activation. Centrality polar coordinates reveal resource occupation ratios,
with sleeping groups showing minimal sector area and average values.

4.2.2 Characteristic Analysis

Each cluster has distinct characteristics for service efficiency strategies. Cen-
ter clusters are stable users with high consumption probability and interest
magnitude—analyze their sunk costs and increase consumption frequency. Fo-
cus clusters are most valuable—implement VIP service strategies and refined
operations. General clusters are the only drift phenomenon—enhance their drift
toward center/focus while avoiding drift to sleeping/loss. Special clusters easily
convert to loss—improve participation willingness through interest attraction
and emotional guidance. Sleeping clusters also easily become loss—avoid pene-
tration and strengthen activity associations. Loss clusters, though weakly con-
nected, constitute ~30% and require targeted recovery strategies from a business
value perspective.

4.3 Practical Strategies for Service Efficiency Enhancement

Normalized empirical data corresponding to Table 3 decision variables were
used to build a binary tree under optimal behavior and equilibrium conditions.
Figure 4 [Figure 4: see original paper] shows the optimal state for digital con-
sumption: starting from root node judgment of general groups, promote user
drift to non-general controllable groups. For consumers, optimal equilibrium
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occurs when perceived benefits create strong emotional expectations and con-
sumption stickiness. For digital communities, early activity stages should create
strong appeal, activate sleeping users, and build communication effect evalua-
tion models. Mid-stage should focus on recommendation feedback and content
layout improvement. Late-stage should evaluate overall communication effects
and retain high-value data.

Figure 5 [Figure 5: see original paper] shows the service efficiency improvement
path: initial stage determines activity goals and target audiences; mid-stage
considers enterprise promotion ROI, user cost-return, and digital community
benefits; late-stage focuses on content feedback and layout adjustment. The
improvement tree indicates users can achieve optimal equilibrium states, and
through comprehensive consumption data analysis, service efficiency can be en-
hanced for suppliers, consumers, and digital communities.

5 Conclusion

This study establishes a digital community consumer clustering indicator sys-
tem, achieves clustering through DBSCAN after AP-based portrait aggrega-
tion, and accurately identifies center, focus, special, sleeping, loss, and general
user groups. Most groups exhibit user penetration, while only general groups
show drift. The service efficiency enhancement model based on three-layer net-
work equilibrium provides practical strategies for pre, mid, and post activity
stages. The study’s limitation is that the model’s applicability to multi-source
heterogeneous data requires further testing, and clustering granularity can be
improved. Future research should continuously update product layouts, adjust
development trends, and build harmonious, mutually beneficial digital ecosys-
tems through relationship expansion and digital twin interactions.
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