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• Dengue (Den.) and Chikungunya (Chik.) endemic [Beauté and Sirenda, 2010]
• Japanese Encephalitis (JE) [Cappelle et al. 2016]

More than 300 mosquito species described in Cambodia [Maquart et al. in press, 2026]
• Two main vectors of Den. and Chik. viruses: Aedes aegypti and Aedes albopictus
• Vector of JE virus: Culex vishnui group [Cappelle et al. 2016]

Need to identify mosquito species for vector control and surveillance

Aedes aegypti

Aedes albopictus
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How can Machine Learning (ML) contribute to help Entomology ?

First idea: Photos
Exists but limited:

• Specimen fragility affects accuracy 
• Not suitable for complex group

Second idea: MALDI-TOF Mass Spectrometry 
• MALDI-TOF + Bruker Software [Yssouf et al. 2013; Rakotonirina et al. 2020]
• MALDI-TOF + Machine Learning [Merchan et al. 2023]

Develop MALDI-TOF identification using machine learning

Cx. pseudovishnui Cx. vishnui

Cx. tritaeniorhynchus
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Integrating MALDI-TOF MS and Machine Learning for Rapid Mosquito Species Identification

Develop a faster, cheaper and more accurate tool for identifying mosquito species:

• Faster: 1 working day vs. several days for the molecular gold standard

• Cheaper: ~5× lower cost per sample than the molecular gold standard

• Reliable: Same reliability as the molecular gold standard
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7

Used since the early 2000s for microorganism identification [Lay, 2001]
Routinely used in clinical microbiology laboratories for diagnosis [Seng P, et al., 2010]

Laser shot variability affects reproducibility

One mosquito generates 24 spectra (or 8)

Legs Spectra generation (multiple spectra) Representation

Mosquito
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Two Approaches for Species Identification
Bruker software approach: Automated preprocessing  + Comparison against the Bruker reference database

Our Custom Workflow: Export MALDI-TOF spectra as text files

Machine learning analysis
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1st Step: PCR

2nd Step: GenBank – Comparison against the reference database

We have MALDI-TOF spectra + associated species

Body without Legs

Label = Aedes aegypti
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Number of specimen per species
Data for mosquitoes 
• 404 individuals
• 19 species
• 7 genus
• 97% DNA confirmed

⚠ Few data compare to classical Machine learning

But … class imbalance problem
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Train a Supervised machine learning

Use 3-fold cross-validation to evaluate performance

Split based on the number of individuals 

Step 1: Split randomly the data in three set

Train

Test

All the data Validation

Model

Train Set

Culex 
vishnui

Culex 
tritaeniorhynchus

Culex 
pseudovishnui

Step 2: Train the model to learn to iden<fy species

+ 16 species
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Score: 2/3 = 66.6%

✅

✅

❌Test Set

Step 3: Evaluate the model on unseen data
Model Classifica>on: Determine the species Evaluation: Compare results to the molecular classification

Model Classification Molecular classification

Save the hyperparameters corresponding to the best score
Retrain the model one last time using the optimal hyperparameters

Validation Set

Step 2.5: Determine the best hyperparameters
Evaluation: Compare results to the molecular classificationOn mul>ple data configura>on

+ 16 species

+ 16 species
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• 6 different models
• 7 different preprocessing methods: 

• Interpolation (Mandatory) -> challenge: variable m/z value

Focus on the best-performing model + preprocessing combination

1. SVM 2. Multi-Layer 
Perceptron

3. Logistic 
Regression

4. Random 
Forest 5. XGBoost 6. 1D CNN

A) Interpolation
B) Z-score
C) TIC
D) 90th quantile 
E) Baseline
F) Smoothing
G) Binning
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1D Convolutional Neural Network
• Learns local patterns by sliding a 1D filter across the sequence
• Fast and efficient
• Well-adapted to time-series or sequential spectral data

Binning
• Groups data into fixed-size windows
• Reduces noise and dimensionality

• With a window size of 5 
• Aggregation methods: average, maximum …

20 000 peaks 4 000 peaks (bin)

Bin 2Bin 1

average = 23214.2
maximum = 23399

average = 23635.2
maximum = 24101

First 10 values of the spectrum
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Main observa.ons:
• F1-score: 99.5%

• Culex vishnui complex: 583/595 correctly classified (97.98%)

⚠ Confusion One individual Culex vishnui and Lutzia fuscana 
• 3 misclassified spectra / 24
• 87.5% (21/24) s.ll correctly classified
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Key Results
High performance (F1 = 99.5%)
Strong classification of the Culex vishnui complex (98%)

Limitations
Label
• GenBank-based labels (community data; US-funded)
Model 
• Model limited to 19 species classes (>300 species present in Cambodia)
• No threshold for result acceptance

Go Further
• Extend identification to other arthropods (e.g., ticks) 
• Detect viruses in mosquitoes and humans
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Thank you for your attention! 
Do you have any questions?
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