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ABSTRACT

This study evaluates the effectiveness of multimodal learning in Artificial
Intelligence of Things (AloT) systems, focusing on the integration of sensor
fusion and computer vision for classification tasks. A systematic review
and meta-analysis were conducted on studies published between 2020
and 2025. Thirteen studies met the inclusion criteria; however, only six
provided comparable quantitative data due to inconsistent baseline
reporting and evaluation practices. The results indicate that multimodal
approaches generally improve accuracy compared to unimodal baselines
when comparable evaluations are available, with an average increase of
8.88% (95% Cl: 5.33%-12.44%, p < 0.001). High heterogeneity was
observed, influenced by domain, sensor configuration, and model
architecture. These findings suggest that multimodal effectiveness is
conditional and depends on modality complementarity, fusion strategy,
and system-level constraints.

INTRODUCTION

Artificial Intelligence of Things (AloT) is increasingly used in real-world systems that require
continuous sensing and timely decision-making, such as healthcare monitoring, smart agriculture,
and industrial inspection. In these settings, sensing is not just about collecting data, but about
ensuring that the system can interpret its environment reliably under practical constraints. Limited
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computational resources, latency requirements, and heterogeneous data sources make perception
in AloT systems a non-trivial problem that directly affects system performance.

Computer vision plays a major role in AloT because it provides rich semantic information from
visual inputs. However, relying on vision alone is often not sufficient in practice. Unimodal vision-
based approaches are sensitive to environmental factors such as lighting changes, occlusion, and
noise. They are also affected by domain shift and limited labeled data when deployed outside
controlled settings. In addition, running deep vision models on edge devices introduces constraints
in computation, energy consumption, and latency, which can reduce responsiveness and robustness
in real deployments (Lin, 2023; J. Zhang & Tao, 2021). These issues suggest that vision-only
approaches may struggle to maintain stable performance in dynamic AloT environments.

To address these limitations, multimodal learning and sensor fusion have been explored as
practical alternatives. By combining visual data with other modalities, such as physiological signals,
environmental sensors, or contextual information, systems can form a more complete
representation of the observed environment. This integration helps reduce the weaknesses of
individual modalities and improves robustness under varying conditions. In addition, distributing
computation across edge, fog, and cloud layers allows multimodal systems to balance latency,
resource usage, and accuracy more effectively (Lei et al., 2020; Lin, 2023; D. Wu et al,, 2024). In
practical AloT implementations, however, the integration of multiple sensing modalities does not
automatically translate into effective system-level performance. Prior studies in loT-based
agricultural systems highlight that increasing sensing and analytical capabilities often lead to
monitoring-oriented systems, where data collection is emphasized but its translation into
operational decisions remains limited (Utami, Zakarijah, et al., 2024).

Despite these reported advantages, a critical gap remains in the literature. Existing studies
predominantly emphasize performance improvements of multimodal approaches but rarely
examine whether these gains are consistent, generalizable, or dependent on specific conditions.
Reported improvements are often tied to particular datasets, model configurations, or experimental
setups, while differences in evaluation protocols, the absence of standardized baselines, and
inconsistent reporting practices hinder cross-study comparability (Ayetiran & Ozgdbek, 2024; L. Wu
et al,, 2023; Z. Zhang et al., 2020). This limitation reflects a broader pattern observed in AloT
research, where technological components are frequently developed in isolation, resulting in
fragmented system integration and limited operational impact (Utami, Mashoedah, et al., 2024).
Such findings suggest that performance improvements should not be interpreted solely at the
model level, but also in relation to system-level integration and deployment constraints. As a result,
the field lacks a unified understanding of whether multimodal learning constitutes a generally
superior paradigm or a context-dependent strategy whose effectiveness varies across system
configurations.

This study addresses this gap by explicitly positioning multimodal learning as a conditional,
rather than universally beneficial, approach. We argue that although multimodal learning generally
improves performance over unimodal approaches, these gains are not inherent to modality
integration itself. Instead, they emerge from the interaction between three key factors: modality
complementarity, fusion strategy, and system-level constraints. This perspective shifts the focus
from “how many modalities are used” to “how effectively modalities are selected, combined, and
deployed within system constraints.”

Meta-analysis provides a systematic approach to move beyond isolated experimental results
by aggregating quantitative evidence across studies and examining variability in effect sizes. This is
particularly important in Al research, where experimental diversity often limits direct comparison. In
this study, a meta-analysis is conducted on multimodal approaches in AloT systems, focusing on
classification tasks that integrate computer vision with additional sensor modalities. From the
collected studies, only a subset provides comparable quantitative results with both unimodal and
multimodal performance, enabling effect size estimation. The results indicate that multimodal
approaches generally improve accuracy when comparable evaluations are available, while also
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reveallng substantlal varlablllty across studies, hlghllghtlng that performance galns are context-
dependent rather than uniform.

This study makes three main scientific contributions. First, it provides quantitative evidence
through meta-analysis that multimodal learning generally improves performance compared to
unimodal approaches under comparable evaluation settings. Second, it explains the high variability
in reported performance gains by systematically linking them to differences in domain, modality
configuration, and model architecture, consistent with the heterogeneity observed in empirical
results. Third, it develops a structured conceptual framework that integrates modality
complementarity, fusion strategy, and system-level constraints as key determinants of multimodal
effectiveness in AloT systems, aligning quantitative findings with system-level interpretation.

The novelty of this study lies in reframing multimodal learning performance as a conditional
phenomenon rather than a universally beneficial approach. Unlike prior studies that primarily
report performance improvements in isolation, this work introduces a unified perspective that
connects performance variability to fundamental design factors, supported by both quantitative
synthesis and conceptual modeling. This reframing provides a more realistic and actionable
understanding of multimodal AloT systems, particularly in real-world deployment scenarios where
constraints and variability are unavoidable. Together, these findings aim to clarify when and under
what conditions multimodal approaches provide meaningful benefits in AloT systems.

THEORETICAL BACKGROUND

The conceptual basis for this analysis is framed around how key variables are defined and
related within AloT-based perception systems, with attention to practical issues observed in the
reviewed studies, such as inconsistent reporting, variation in evaluation practices, and the limited
availability of comparable baselines. Table 1 summarizes the variables by explicitly presenting their
roles, descriptions, and corresponding components, including how multimodal and unimodal
approaches are compared, what outcome is measured, and which factors are considered to
influence performance across studies. The studies analyzed in this work were collected from major
academic databases, including Scopus, Wiley, and ScienceDirect.

Table 1. Conceptual Framework and Variables Used in The Analysis

Independent Comparison between multimodal approaches (sensor Multimodal vs
Variable fusion + vision) and unimodal baselines Unimodal
Dependent Primary performance metric used to evaluate model
. . Accuracy
Variable effectiveness
Factors that influence performance variation across Model, Sensor,
Moderator . .
studies Domain
Task Types of tasks addressed in AloT-based perception Classification,
systems Detection
. . . Scopus, Wiley,
Data Source Databases used for collecting and selecting studies P Y

ScienceDirect

This framework guides the organization of variables in the subsequent analysis, where the
independent variable distinguishes between multimodal approaches and unimodal baselines, and
accuracy is used as the primary outcome because it is the most consistently reported metric across
the selected studies. However, not all studies provide comparable metrics or explicit baselines,
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which affects how results can be interpreted and compared, and in turn motivates the inclusion of
moderator variables such as model architecture, sensor modality, and application domain.

Multimodal Learning

Multimodal learning refers to the integration of information from multiple modalities, such as
visual, physiological, or environmental data, into a shared representation. Different strategies are
used to combine modalities, including data-level, feature-level, and decision-level fusion, as well as
mechanisms that allow interaction across modalities (P. Chen et al., 2025; Ge et al., 2025; Xu et al.,
2023; Y. Zhang et al., 2021). Across studies, improvements in accuracy are often observed when the
modalities provide complementary information. However, this improvement is not consistent in all
cases. The outcome depends on how well the modalities are aligned and whether the model can
handle differences in data quality, synchronization, and distribution. When these aspects are not
properly addressed, multimodal integration does not always lead to clear gains (Majumder &
Kehtarnavaz, 2021; Y. Zhang et al., 2021).

Sensor Fusion

Sensor fusion focuses on combining data from multiple sensors to improve perception
compared to using a single modality. Common strategies include early fusion, late fusion, and
hybrid approaches, each with different implications for how information is integrated within the
model (Xu et al., 2023; Y. Zhang et al., 2021). The effectiveness of sensor fusion depends on the
relationship between the modalities being combined. Complementary modalities tend to produce
stronger improvements, while noisy or misaligned modalities can reduce performance if the model
cannot account for their reliability. This explains why reported gains vary across studies and are not
always directly comparable (Ge et al., 2025; Majumder & Kehtarnavaz, 2021).

Computer Vision in AloT

Computer vision is widely used in AloT systems as a primary source of contextual information,
particularly for classification and detection tasks (Lin, 2023; Y. Zhang et al., 2021). These studies
primarily focus on classification and detection tasks as common benchmarks for evaluating
perception performance in AloT systems. However, relying on vision alone introduces limitations,
especially in environments with noise, occlusion, or changing conditions. These limitations are often
addressed by combining vision with other modalities. In the reviewed studies, vision is frequently
integrated with additional data sources such as clinical data, physiological signals, or loT sensors.
This combination is used to improve classification performance across different domains. At the
same time, differences in datasets, evaluation metrics, and reporting practices make it difficult to
compare results across studies, particularly when baseline values are not consistently provided.

Evaluation Challenges in Al-Based Systems

One recurring issue across the literature is the lack of standardized evaluation practices.
Differences in baselines, datasets, and reporting methods make it difficult to determine whether
observed improvements are generalizable or limited to specific experimental conditions (Ayetiran &
Ozgobek, 2024; L. Wu et al., 2023; Z. Zhang et al., 2020). In addition, variations in model design,
sensor combinations, and application domains contribute to heterogeneous outcomes. These
variations suggest that performance is not determined by a single factor, but by the interaction
between multiple components. Understanding these relationships is necessary for interpreting
differences across studies and for designing systems that perform reliably in real-world AloT
environments.
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Research Methodology

This study was conducted using a combination of systematic review and meta-analysis to
compare multimodal approaches with unimodal baselines in AloT-based perception tasks. The
review process broadly follows established reporting practices for systematic reviews, although it
was adapted to accommodate common limitations in Al literature, particularly the lack of consistent
baselines and comparable evaluation metrics across studies (Casarramona et al., 2022; Page et al.,
2021).

The study collection was carried out across three major databases: Scopus, Wiley Online
Library, and ScienceDirect. The search query combined terms related to multimodal learning, sensor
fusion, computer vision, and accuracy in IoT contexts. The initial search yielded 362 articles. An early
filtering stage was then applied based on publication year (2020-2025), document type (journal
articles), and accessibility (open access), reducing the dataset to 76 studies.

Subsequent screening was more selective. Title and abstract screening reduced the number of
studies from 76 to 16, as many articles addressed loT or vision independently without incorporating
multimodal integration. A refined screening stage further narrowed the selection to 14 studies.
During full-text assessment, one study was excluded due to inaccessibility, resulting in 13 studies for
final inclusion. This process reflects the challenge of retrieving fully relevant studies using broad
keyword-based queries. The overall selection workflow is summarized in Figure 1.

Studies identified from
databases (n = 362):

- Scopus (n=182)

- Wiley (n = 135)

- ScienceDirect (n = 45)

v

Search keywords: ("multimodal learning" OR
"sensor fusion") AND ("Internet of Things") OR
("computer vision" OR "vision-based" OR "image-
based") AND ("accuracy") AND (classification)

Studies after initial filtering: 2020 - 2025, Studies screened for Reports assessed for
journal article, open access (n = 76): topic relevance (n = 16): data relevance (n = 14):
- Scopus (n=27) —» - Scopus (n=14) —» - Scopus (n=13)

- Wiley (n =43) - Wiley (n=2) - Wiley(n=1)

- ScienceDirect (n = 6) - ScienceDirect (n = 0) - ScienceDirect (n = 0)

v

Full-text articles
retrieved (n = 13)

Eligible for quantitative synthesis (n = 6):
- Accuracy available
- Comparable metrics

v

Meta Analysis: AAcc = 8.88%, 95% Cl: 5.33% - 12.44% & p < 0.001

\

Conclusion & Implication: Multimodal generally improves accuracy (when comparable evaluations
are available); Variation across model, sensor, domain; Need standardized evaluation

Figure 1. Study Selection Process and Meta-Analysis Workflow of Multimodal versus Unimodal
Approaches in AloT Systems

At this point, a more significant issue became clear. Although all 13 studies were relevant in a

general sense, not all of them could be used for quantitative synthesis. Several studies reported only
multimodal results without providing a clear unimodal baseline. Others used evaluation metrics that

Jurnal Media Computer Science, Vol. 4 No. 2, Tahun 2025 page: 461-478| 465



were not directly comparable. Because of this, the dataset had to be split. All 13 studies were
retained for qualitative analysis, while only 6 studies could be used in the meta-analysis.

Data extraction focused on a small set of variables that were consistently available across
studies. These included baseline accuracy (AccC), multimodal accuracy (AccE), model type, sensor
modality, and application domain. In practice, even these variables were not always reported in a
clean or standardized way. Some papers required interpretation to identify what could reasonably
be treated as a baseline. This introduces a level of approximation, but excluding such studies
entirely would further reduce the already limited dataset. The extracted data are summarized in
Table 2 and Table 3. Table 2 includes studies with comparable baseline and multimodal
performance used for meta-analysis, while Table 3 presents studies excluded from quantitative
synthesis along with the reasons.

Table 2. Extracted Data for Meta-Analysis Including Baseline and Multimodal Performance

SO01 (Njoroge
et al., 2025)

88.4%; 95.8% — 99.2%
(+10.8%; +3.4%)

DenseNet50;
ShuffleNet — Hybrid
DL fusion

Vision + loT /
Classification / Kaggle +
FieldPlant / Valid

S02 (Jahani et
al., 2024)

65.1%; 72% — 76.9%
(+11.8%; +4.9%)

3D-DenseNet — 3D-
DenseNet fusion

sMRI + fMRI /
Classification / ABIDE /
Valid

S03 (Ishida et

69.9%; 77.5% — 84.1%

XGBoost;
Autoencoder —

Image + clinical /
Classification / Internal /

04 9
al., 2024) (+14.2 /0, +6.6 /0) Hybr|d Valid
S05 (John et 94.12%; 85.26% — 99.72% 1D-CNN — CNN E&is?fi:ggir:/ ucD /
al., 2021) (+5.60%; +14.46%) fusion Valid

S10 (Kansana

97.40%; 96.70%; 95.60%
— 99.40%; 100% (+2.00%;

Transformer;
XGBoost; RF —

Vision + tactile /
Classification / Touch

etal, 2025) +2.70%; +3.80%) Transformer fusion and Go / Valid

+
S12 (Caietal, 86.66% — 95.55% SOLOV1 — Fusion ngsi ﬂzziﬁ‘feccj:é:n )
2022) (+8.89%) CNN

Valid

Table 3. Summary of Excluded Studies From Quantitative Synthesis and Reasons for Exclusion
(S01-S13 Denote the Indexed Studies Selected After Full-Text Screening)

S04 (Partel et al.,

LiDAR + camera / Detection +

CNN —

classification / Internal / Multimodal

2021) 84% — — sensor fusion performance (AccE) not reported,
system preventing effect size estimation
— —94.12%; . . e
oo aiaea, e — o (den e Cetoon
2023) 86.34%; Ensemble ML comparable experimental settings
86.19%
S07 ——97.32%; , CNN- IMU sensors / Classification / VTT-
(Mekruksavanich &  97.14%; ResBIGRU ConloT / Lack of paired baseline-
Jitpattanakul, 2025)  98.68% multimodal comparison within a unified
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evaluation setup

~60-80% — Vision + Text / Classification / Multi
S08 (Sadhwani et al.,, 98.04%; CNN, VIT, dataset / Heterogeneous datasets and
2025) 94.70%; YOLO — VLM  models without consistent paired
86.63% baseline comparison
0.861: 0.852 Multisensor + vision / Classification /
S09 (Mwale et al., 0 9’25. LSTM; CNN —  Mining dataset / Multi-task framework
2025) 0 88.6 ! CNN-LSTM with heterogeneous evaluation metrics,
' lacking a unified comparable outcome
Vision + proprioception / Classification /
S11 (Y. Chen et al., 89%; ~98% — CNN — CNN Internal / Performance reported as
2021) 93-99.38% fusion ranges across multiple conditions
without consistent paired comparison
Vision + sensor / Classification / Internal
S13 (Gutiérrez- — — ANN / Baseline performance not explicitly
] — — 98.62% . .
Ramirez et al., 2025) fusion reported under the same experimental

setting

This separation reflects inconsistencies in reporting practices, where several studies do not
provide sufficient information for direct comparison. For example, study S08 reports baseline
performance as a range and involves multiple models, making it unclear which values should be
paired for comparison. In another case, study S09 reports numerical results that appear comparable
at first glance, but the evaluation metrics and pairing between baseline and multimodal results are
not clearly defined. In several other studies, multimodal results were reported without a clearly
defined baseline, making it difficult to determine the actual improvement. These issues were not
rare, and they appeared repeatedly during the screening and extraction process, which ultimately
reduced the number of studies that could be included in the meta-analysis.

The meta-analysis was conducted using OpenMEE, with the effect size defined as the
difference in accuracy between multimodal and unimodal approaches (AAcc = AccE - AccC). A
random-effects model was used, given the clear variability across datasets, models, and
experimental setups, which is commonly recommended when between-study heterogeneity is
expected (Casarramona et al., 2022; Olgun et al., 2025; Ren et al., 2024). One practical limitation was
the absence of reported variance or standard deviation in most Al studies. To proceed, a constant
variance value of 1 was assigned to all effect sizes. This simplification deviates from standard
variance estimation approaches such as DerSimonian-Laird or REML, but was necessary due to
missing statistical reporting in the selected studies (Ren et al., 2024). This is a simplification, and it
should be interpreted accordingly, but it allows aggregation in situations where statistical reporting
is incomplete. Without this adjustment, most of the collected studies could not be included in the
analysis.

The statistical analysis focused on estimating the overall effect size and its 95% confidence
interval, mainly to see whether the observed improvement was consistent across studies rather
than driven by a few extreme results. Heterogeneity was examined using the 2 statistic, alongside
Cochran’s Q, to capture variability across studies, which are standard measures for assessing
between-study differences in meta-analysis (Casarramona et al., 2022; Guan et al., 2025; Smajic et
al., 2025). Given the diversity in study design, a high level of heterogeneity was anticipated and later
confirmed in the results. In such cases, additional analyses such as prediction intervals or sensitivity
checks are often recommended to better reflect uncertainty beyond the average effect (Ren et al,,
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2024; Smaijic et al., 2025). This step was necessary to understand whether differences between
studies were systematic rather than random. It also provides context for interpreting subgroup
analysis in the next stage.

To check whether a small number of studies were disproportionately influencing the results,
additional analyses were carried out. These included cumulative analysis, leave-one-out analysis,
and fail-safe N, which are commonly used to assess robustness and the influence of individual
studies in meta-analytic settings (Casarramona et al., 2022; Olgun et al., 2025; Smajic et al., 2025).
Each of these approaches examines stability from a different angle, either by adding studies
sequentially or by removing them one at a time. Together, these steps provide a more complete
picture of how stable the findings are, even when the dataset is relatively small. This is particularly
relevant given the limited number of studies included in the meta-analysis. Overall, the workflow
moved from broad collection to a much narrower set of comparable studies. The process is not
perfectly clean, mainly due to inconsistencies in how Al studies report results. Instead of forcing
uniformity, the methodology keeps these limitations visible and incorporates them into the analysis.
This reflects the actual state of the literature, where comparison is possible, but only within a
constrained subset of studies.

RESULTS AND DISCUSSION

Results
Data Overview and Effect Size Results

A total of 13 studies (S01 - S13) were included in the analysis, all of which were retained for
qualitative examination, although only 6 provided data that could be reasonably aligned for
quantitative synthesis. This imbalance became more visible during data extraction, where baseline
performance was not always explicitly reported and evaluation metrics were sometimes defined in
ways that made direct comparison difficult. In several cases, results initially appeared comparable,
but closer inspection showed that the pairing between unimodal and multimodal performance was
not clearly defined, making them unsuitable for inclusion in the meta-analysis. As a result, part of
the literature had to be set aside from the quantitative synthesis, even though these studies
remained relevant for understanding broader patterns.

This inconsistency reflects a broader issue across the analyzed studies, where reporting
practices are often sufficient for demonstrating individual model performance but not for enabling
cross-study comparison. Several studies (e.g., S06, S07, S08, S13) reported multimodal performance
without clearly defined unimodal baselines, while others (e.g., S09, S11) used metrics or reporting
formats that limited comparability. Consequently, the quantitative findings rely on a smaller but
more consistent subset of studies, while the remaining works contribute to qualitative
interpretation.

The meta-analysis was conducted using a random-effects model (DerSimonian-Laird) to
account for variability across studies. The pooled effect size, defined as the difference in accuracy
between multimodal and unimodal approaches, was estimated at 8.882 with a 95% confidence
interval ranging from 5.328 to 12.435 and a statistically significant p-value below 0.001. These results
indicate that, where comparable evaluations are available, multimodal approaches tend to
outperform unimodal baselines, with an average improvement of approximately 8.88%, consistent
with prior findings that gains are task-, data-, and method-dependent (Bayoudh et al., 2021; Jiao et
al., 2024). Importantly, this improvement should not be interpreted as uniform across all conditions.
The spread of the confidence interval suggests that performance gains vary depending on study-
specific factors. This pattern is consistent across the included studies (SO1- S13), where, when
comparable evaluations are available, multimodal approaches demonstrate improvement, but with
varying magnitudes depending on domain, sensor configuration, and model design.
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Figure 2. Forest Plot of Overall Meta-Analysis Results

As illustrated in Figure 2, all individual study estimates are located on the positive side of the
reference line, indicating that multimodal approaches consistently outperform unimodal baselines.
However, the dispersion of the estimates reflects substantial variability across studies. This variation
suggests that while multimodal learning provides a consistent advantage, the magnitude of
improvement is conditional rather than universal, aligning with evidence that modality quality,
alignment, and domain characteristics mediate gains (Bayoudh et al., 2021; Jiao et al., 2024).

Variability, Subgroup Patterns, and Robustness

The variability across studies is substantial, as indicated by the high heterogeneity (1> =
94.929%). This level of heterogeneity suggests that most of the observed variation is not due to
random error, but rather to differences in study characteristics, including domain, sensor
modalities, and model architectures. This aligns with the diversity observed across the analyzed
studies (S01 - S13), where multimodal systems are implemented in different contexts such as
healthcare, agriculture, industrial monitoring, and smart environments, and where domain shift and
dataset characteristics are known drivers of performance variability (Bayoudh et al., 2021; Jiao et al.,
2024). To further examine this variability, subgroup analyses were conducted based on application
domain, sensor configuration, and model architecture.

Studies Estimate [95% C.I.) |
Paperi 10.800 (B.A40, 12.760) —.—
|Subgroup Agriculture {1"2=NA | P=NA) 10.800 (8.840, 12.7&0) —
Paper2 11.800 (9.840, 13.760) —B—
Paperd 14.200 (12.240, 16.160) ! n
Paper5 5.600 (3.640, 7.560) B !
(Subgroup Healthcare (1%2=94.92 % , P=0.000) 10.533 (5.512, 15.555) _::::._
Paperil z.000 (0.040, 3.980) ——JF———
|Subgroup Robotics (1"2=NA , P=NA) 2.000 (0.040, 3.960) —=—_ = |
Paperi2 H.8490 ([&.930, 10.850) —.—
|Subgroup Industry (142=NA , P=NA) 8.890 (6.930, 10.850) ——
Overall (1"2=04.93 % , P=0.000) B.BE2 (5.328, 12.435) ——ﬁ——
I . T 1
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Figure 3. Subgroup Analysis Based on Application Domain
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Figure 4. Subgroup Analysis Based on Sensor Modality Combinations

The domain-based analysis shows that clinically structured studies tend to exhibit higher
performance gains compared to other domains. Studies such as S02 and SO03 demonstrate that
combining complementary modalities (e.g., structural and functional data) leads to more stable
improvements, while SO5 reflects physiological sensing in wearable settings rather than clinical
structured data. In contrast, domains such as robotics or real-time monitoring (e.g., S04, S07) show
more moderate gains, likely due to higher noise levels and real-time constraints. The analysis of
sensor configurations indicates that heterogeneous modality combinations tend to produce
stronger improvements than homogeneous ones, consistent with the role of complementarity and
information diversity in enhancing discriminative power (Bayoudh et al., 2021; Jiao et al., 2024).
Studies such as S01, S03, and S10 demonstrate that combining modalities with distinct
characteristics leads to more substantial performance gains. Conversely, adding similar or
redundant modalities does not necessarily improve performance and may even introduce noise, as
observed in SO5 and S06.
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|Subgroup 3D-DenseNet (|1*2=NA , P=NA) 11.800 (9.840, 13.760) s
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‘Subgroup Hybrid (Autoencoder + XGBoost) (1*2=NA , P=NA)} 14.200 (12.240, 1&.1&0) —_—
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Figure 5. Subgroup Analysis Based on Model Architecture
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Across modeI archltectures hybrid models con5|stently achleve higher effect S|zes compared
to single-model approaches, in line with evidence that fusion strategy (e.g., attention-based or
hybrid integration) critically shapes multimodal effectiveness (Bayoudh et al., 2021; Jiao et al., 2024).
Studies such as S03 and S10 show that combining different learning mechanisms enables better
capture of cross-modal relationships. This suggests that model design plays a critical role in
determining the effectiveness of multimodal systems. To assess the stability of these findings,
cumulative and leave-one-out analyses were conducted.

Cumulative Forest Plot

Studies Estimate (35% C.I.) Cumulative Studies Cumulative Estimate

Papert
Paper2
Paperd
Papers
Paperto
Papert2

Paper1 10.80
+ Paper2
+Paper3
+ Paper5
+ Paper10 B.880 (4.528, 13.232)
+ Paper12 8.882 (5.328, 12.435)

8.840, 12.760) —
a . 12.686) —
, 14.244) e
047, 14.153) =

[Overall (1*2=04.93 % , P< 0.001) 8.882 (%5.328, 12.438%) B ———

0 i ] 0
Generic Effect Generic Effect

Figure 6. Cumulative Forest Plot Analysis

Leave-one-out Forest Plot
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Figure 7. Leave-One-Out Sensitivity Analysis

The cumulative analysis indicates that the pooled effect size converges as more studies are
added, suggesting increasing stability of the estimate. Similarly, the leave-one-out analysis shows
that removing individual studies does not substantially alter the overall effect size, which remains
within a narrow range. These results indicate that the observed improvement is robust and not
driven by a small subset of studies. Table 4 summarizes the key quantitative findings, including
effect size, heterogeneity, and robustness indicators.

Table 4. Summary of Meta-Analysis Results

Overall Effect AAcc 8.882 Moderate improvement in accuracy
Confidence Interval ~ 95% ClI 5.328 - 12.435 Statistically significant range
Significance p-value <0.001 Strong evidence against null hypothesis
Heterogeneity 12 94.929% High variability across studies
Heterogeneity Q 98.608 Significant between-study variation
Variance 1 18.722 Substantial dispersion in effect size
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Robustness Fail-safe N 1044 Complementary robustness indicator

Robustness Leave-one-out 7.818-10.258 Stable across study removal

Robustness Cumulative Convergent Effect stabilizes with added studies

Thematic Synthesis Framework for Multimodal Learning

To better connect the quantitative results with their underlying interpretation, a thematic
synthesis was developed based on the qualitative analysis of all included studies (S01-S13). This
synthesis organizes the key determinants of multimodal performance into four overarching
dimensions. As summarized in Table 5, these themes provide a structured explanation of the
observed heterogeneity in the meta-analysis, capturing conditional performance gains, modality
complementarity, fusion design, and practical trade-offs.

Table 5. Thematic Synthesis of Multimodal Learning in AloT Systems

. Multimodal improves  (Ishida et al., 2024; Mwale et Performance
Conditional .
Effectiveness performance but not  al.,, 2025; Njoroge et al., 2025; depends on
uniformly Rashid et al., 2023) context
Modalities must (Ishida et al., 2024; Jahani et
Complementarity provide al., 2024; Mekruksavanich & Not all modalities
& Interaction complementary Jitpattanakul, 2025; Partel et contribute equally
information al., 2021)
Performance is driven (Cai et al., 2022; John et al., Fusion design
Fusion Strategy by how modalities 2021; Kansana et al., 2025; determines
are fused Sadhwani et al., 2025) outcome
Practical Real-world (Y. Cf,wen et al, 2021; Gutiérrez- Accuracy m}Jst be
Constraints deployment Ramirez et al., 2025; Mwale et  balanced with
introduces trade-offs  al., 2025; Partel et al., 2021) efficiency

Discussion
Multimodal Learning in AloT: From Performance Gain to System Design

This study advances a conceptual perspective on multimodal learning in AloT, where
performance gains are not inherently guaranteed but are conditional on three interrelated factors:
(i) modality complementarity, (ii) fusion strategy, and (iii) system-level constraints. These factors
jointly determine the extent to which multimodal integration can effectively enhance system
performance, reframing multimodal learning from a purely performance-driven paradigm into a
system design problem, consistent with prior syntheses emphasizing complementarity, fusion
design, and domain-dependent variability.
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Figure 8. Conceptual Framework for Conditional Multimodal Performance

To further formalize the conceptual framework illustrated in Figure 8, Table 6 summarizes its
key dimensions, their roles, and their implications for multimodal system design. This formalization
provides a structured lens for interpreting how different design factors contribute to performance
variability across studies. It also highlights that multimodal effectiveness should be evaluated not
only in terms of accuracy gains, but in relation to system design choices and operational context.

Table 6. Conceptual Dimensions of Multimodal AloT Effectiveness

Complementarity . Enables Select modalities with non-
. Determines )
(What is . . . . meaningful redundant and
. information diversity . . .
combined?) performance gain  complementary information
. . . Choose fusion techniques
Fusion Strategy Governs interaction Controls . . g
o : . aligned with data
(How is it and representation effectiveness of .
. . . . heterogeneity and task
combined?) learning integration

requirements
Balance accuracy with

System Constraints

o Defines operational Limits or amplifies -

(Where is it o P . p. efficiency, latency, and

limitations achievable gains .
deployed?) resource constraints

. , Conditional (not Evaluate performance within
Outcome (Whatis  Resulting system . ( P
. universally system context rather than
achieved?) performance .
guaranteed) absolute metrics

Conditional Effectiveness of Multimodal Learning

The results indicate that multimodal approaches generally improve performance compared to
unimodal baselines when comparable evaluations are available. However, this improvement is not
uniform across all conditions. While studies such as S01, S02, S03, SO5, and S10 show clear and
significant gains, others indicate that the magnitude of improvement depends on specific system
configurations. This is reflected in the high heterogeneity observed in the meta-analysis, consistent
with evidence that multimodal gains vary under data heterogeneity, noise, and modality availability
(Hui et al., 2025; Shin et al., 2025).

These findings suggest that multimodal effectiveness should be understood as conditional
rather than universal. Performance gains depend on how modalities are combined, the nature of
the task, and the characteristics of the data. For example, in structured domains such as healthcare
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(502, S03), multimodal integration tends to produce more consistent improvements, whereas in
dynamic or real-time environments (S04, S07), gains may be more variable.

Role of Complementarity and Modality Interaction

A key factor underlying multimodal performance is the complementarity between modalities,
where information diversity rather than redundancy drives gains and robustness (Bayoudh et al.,
2021). Across the analyzed studies, improvements are generally observed when modalities provide
distinct but related information. For instance, S02 combines structural and functional data, S03
integrates imaging with clinical features, and S10 fuses heterogeneous sensor signals.

However, not all modalities contribute equally. Several studies (e.g., S02, S03, SO07, S05, S06)
indicate that certain modalities dominate others in terms of contribution. In some cases, adding
more modalities does not lead to proportional improvements and may even reduce performance
due to noise or redundancy. This highlights the importance of selecting modalities based on
relevance rather than quantity, aligning with prior work showing that complementarity, rather than
redundancy, drives robust gains (Liu et al., 2021; Y. Wu et al., 2025).

Fusion Strategy as the Main Performance Driver

Beyond modality selection, the way modalities are fused plays a central role in determining
system performance, with the effectiveness of early, intermediate, and late fusion depending on
task and data characteristics (Jiao et al., 2024). The analyzed studies demonstrate a range of fusion
strategies, including feature-level fusion (S03, SO05), system-level sensor fusion (S04), hybrid
architectures (510), and ensemble-based multimodal integration (S06). These variations represent
fundamentally different approaches to multimodal integration. Representation-based fusion
enables alignment of heterogeneous data, while adaptive fusion dynamically selects modalities
based on context. Hybrid models combine different learning mechanisms to capture complex
relationships. This diversity in fusion strategies explains a substantial portion of the heterogeneity
observed in the meta-analysis, indicating that system design plays a more critical role than modality
count alone, particularly the choice of fusion strategy (e.g., early vs. late vs. model-level fusion) and
cross-modal interaction mechanisms (Che et al., 2025; Liu et al., 2021).

Practical Constraints and Real-World Deployment

In addition to performance considerations, several studies highlight practical constraints
associated with multimodal systems. Real-world deployment introduces challenges related to
computational cost, latency, sensor reliability, and environmental variability. For instance, S04
demonstrates real-time constraints in sensor fusion systems, while S10 emphasizes industrial
deployment requirements. Similarly, SO5 and S06 highlight trade-offs between sensor usage, energy
consumption, and performance.

These constraints indicate that multimodal systems must balance accuracy with efficiency and
robustness, as also reported in domains such as autonomous systems and remote sensing where
latency, alignment, and energy constraints shape design choices (Hui et al., 2025; Li et al., 2023; Ngo
et al., 2024; Wang, 2025). High-performing models may achieve superior accuracy but require
greater computational resources, limiting applicability in edge environments. Therefore,
effectiveness should be evaluated within the broader context of system requirements.

Limitations and Future Directions

Several limitations should be considered when interpreting these findings. A major constraint
is the limited number of studies that could be included in the quantitative synthesis due to
inconsistent reporting practices. Many studies lacked clear unimodal baselines or used incompatible
evaluation metrics. In addition, the absence of variance measures required simplified assumptions,
which may affect the precision of the estimated effect size. The high heterogeneity further indicates
substantial variation in study design and context.
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Future research should focus on improving reportmg standards partlcularly by prowdmg
explicit baselines and consistent evaluation metrics, addressing known limitations such as
heterogeneous metrics, missing baselines, and limited reproducibility in Al studies (Bayoudh et al.,
2021; Jiao et al., 2024). There is also a need for controlled studies that systematically compare
unimodal and multimodal approaches. Furthermore, exploring adaptive and context-aware fusion
strategies may provide more robust solutions for real-world AloT systems. Overall, this study
provides evidence that multimodal learning improves performance, but its effectiveness is shaped
by system design, modality interaction, and practical constraints.

CONCLUSION AND SUGGESTIONS

Conclusion

This study provides a meta-analytic evaluation of multimodal learning in Artificial Intelligence
of Things (AloT) systems, focusing on the integration of sensor fusion and computer vision for
classification tasks. Based on the analysis of 13 selected studies, with 6 studies included in the
quantitative synthesis, the results indicate that multimodal approaches generally improve accuracy
compared to unimodal baselines when comparable evaluations are available.

The meta-analysis shows an average performance improvement of approximately 8.88%, with
statistically significant results. However, the high heterogeneity across studies demonstrates that
this improvement is not uniform and is influenced by multiple factors, including application domain,
sensor modality, and model architecture. Subgroup analysis further reveals that structured domains
such as healthcare and hybrid model architectures tend to yield more consistent and higher
performance gains.

Beyond quantitative findings, this study highlights that multimodal effectiveness should be
understood as conditional rather than universal. Performance gains depend on the
complementarity of modalities, the design of fusion strategies, and system-level constraints such as
computational resources and deployment environments. In this context, multimodal learning is
better interpreted as a system design problem rather than merely a performance enhancement
technique.

A key contribution of this study is the identification of a recurring limitation in the literature,
namely the lack of standardized baseline reporting and comparable evaluation metrics. This
limitation significantly reduces the number of studies that can be included in meta-analysis and
affects the generalizability of conclusions. Overall, this study clarifies that while multimodal
approaches offer measurable benefits, their effectiveness is shaped by context, design choices, and
reporting quality.

Suggestions

Based on the findings and limitations identified in this study, future research should prioritize
the standardization of evaluation practices, particularly by providing explicit unimodal baselines and
consistent performance metrics to enable reliable cross-study comparison and meta-analysis. In
addition, multimodal system development should be approached from a design-oriented
perspective, where the selection of modalities is guided by complementarity rather than quantity,
ensuring that each modality contributes meaningful and non-redundant information. There is also a
need to explore adaptive and context-aware fusion mechanisms that can dynamically respond to
variations in data quality, sensor reliability, and environmental conditions, thereby improving
robustness in real-world deployments.

At the same time, practical system constraints such as latency, computational cost, and energy
efficiency should be more explicitly integrated into model design, particularly for edge-based AloT
applications where resource limitations are critical. Future studies are also encouraged to conduct
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more controlled experimental comparisons between unimodal and multimodal approaches under
consistent settings. Such efforts are essential to strengthen empirical evidence, improve
reproducibility, and enhance the generalizability of findings in multimodal AloT research.
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