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Supplementary Document

This Supplementary Document accompanies the paper "Through Data: Advancing
Bee Species Identification with Machine Learning" and is designed to provide detailed
insights into specific aspects of the study for enthusiastic readers seeking deeper under-
standing.

Figure S1 presents a focused view of only four of the nineteen tribes within the Api-
nae sub-family, highlighting some of the most significant groups within this classification.
Among these, the Apini tribe is notable for encompassing the genus Apis, commonly
known as the true honeybees. This tribe is renowned for its members' ability to produce
honey and beeswax, both of which play crucial roles in commerce and agriculture due to
their extensive use in food products and pollination services. Additionally, the Melo-
ponine tribe, which consists of various stingless bee species, is distinctive for its members'
lack of a stinging mechanism. These bees are celebrated not only for their production of
honey, propolis, and beeswax but also for their cultural and medicinal value across di-
verse societies. The unique social structures and behaviors observed within the Apini and
Meloponine tribes are of considerable interest for both ecological research and entomo-
logical studies, providing insights into the complex interactions within bee communities
and their environments.

Family Subfamily Tribe Genus Species
Apini (Honeybee) — G

Bombini (Bumble Bees) —_—

Meliponini (Stingles Bees) — LD
5

Euglossini {Orchid Bees) —

Figure S1. Four tribes among 19 tribes of the Apinae subfamily with an example species for each tribe.
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The summaries of each study included in this systematic literature review are meticulously organized into tables based on the
machine learning (ML) methods applied: Shallow Learning, Deep Learning, and a combination of both. These are respectively cata-
loged in Tables S1, S2, and S3. For clarity and ease of reference, each study has been assigned a unique publication number. This
identifier is consistently used throughout the manuscript to enable quick referencing of the studies. The tables provide comprehensive
details on each paper, including:

Publication No. - Unique identifier for each study.

Reference - Citation of the paper.

Citations - Number of times the paper has been cited.

Paper Title - Title of the study.

Publication Year - Year the study was published.

Data Type - Types of data used in the study (e.g., Images, Acoustic, Movement).
Species Focus - Focus of the identification (e.g., Stingless Bees (SB), Honeybees (HB), Other Bees, Other Species).
Species Count - Number of species analyzed.

ML Algorithms Used - Machine learning algorithms utilized in the study.

Study Location - Country or region where the study was conducted.

Includes Flying Insects - Indicates if flying insects are considered in the study.
Data Source - Origin of the dataset (e.g., Collected, Crowdsourced, Other Dataset).
Model Performance - Effectiveness of the developed model.

14. Notes - Additional remarks or important information.
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These titles aim to provide clear, concise descriptions of each data point, ensuring easy navigation and comprehension of the table's
contents.

Table S1. Summary of Publications Related to Shallow-Learning
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