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Supplementary Material


Supplementary tables

Table S1. Number of samples used for training and test for each prediction.

	Prediction
	Total number of samples
	Number of samples per class
	Training set
	Test set

	Species
	330
	An. gambaie = 165
An. coluzzii   = 165
	264
	66

	Age
	266
	3 days old   = 133
10 days old = 133
	266
	54

	Status
	286
	Susceptible = 143
Resistant = 143
	228
	58

	Strains
	273
	Ngousso = 90
Tiasale = 90
Kisumu = 93
	219
	54




Table S2. Pre-processing and machine learning algorithms used in the analysis
	Pre-processing algorithms

	Multiplicative Scattering correction (MSC)

	Standard normal variate (SNV)

	Robust normal variate (RNV)

	Savitzky-Golay: 1st, 2nd derivative, smoothing windows: 9, 11, 21

	Machine learning algorithms

	Logistic regression (LR)

	Random forest (RF)

	Support vector machines (SVM)

	Support Vector Machine with Stochastic Gradient Descent training (SGD)



















Table S3: Summary of the processing time of traditional methods for age grading (parity status), morphological identification, NIRS, MIRS using ATR and µDRIFT
	Method
	Sample preparation/ Scanning time per mosquito
	Accuracy
	Ref

	Parity dissection
	8 min Detinova
45 min Polovodova
	Gold standard for parity status
	1

	Morphological identification
	Not possible in cryptic species
	–
	

	NIRS
	30 seconds
	High accuracy for species prediction and parity status in Anopheles
	2–4

	MIRS-ATR
	Less than a minute
	High accuracy for species and parity status in Anopheles
	5,6

	µDRIFT (legs)
	30 - 45 seconds
	High accuracy for species prediction in Aedes.
Similar accuracies for age class prediction and species identification in Anopheles
	7, this study









[image: ]
Figure S1. Effect of pre-processing in model accuracy for species prediction Overall prediction accuracy using the training set and ten-fold cross-validation for LR, RF, SGD and SVC models. Accuracy has been divided into scatter correction algorithm (no pre-processing (RAW), robust normal variate (RNV), standard normal variate (SNV), multiplicative scatter correction (MSC) and normalisation (NORM), filter window (9, 11 and 21 points) and derivative (no derivative, first and second derivative). Red dashed line indicates accuracy of a random classifier (accuracy of 0.5). 
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Figure S2. Effect of pre-processing in model accuracy for age prediction Overall prediction accuracy using the training set and ten-fold cross-validation for LR, RF, SGD and SVC models. Accuracy has been divided into scatter correction algorithm: no pre-processing (RAW), robust normal variate (RNV), standard normal variate (SNV), multiplicative scatter correction (MSC) and normalisation (NORM), filter window (9, 11 and 21 points) and derivative (no derivative, first and second derivative). Red dashed line indicates accuracy of a random classifier (accuracy of 0.5). 
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Figure S3. Effect of pre-processing in model accuracy insecticide status identification Overall accuracy using the training set and ten-fold cross-validation. Models used were: LR, RF, SGD, and SVC. Accuracy has been divided into scatter correction algorithm: no pre-processing (RAW), robust normal variate (RNV), standard normal variate (SNV), multiplicative scatter correction (MSC) and normalisation (NORM), filter window (9, 11 and 21 points) and derivative (no derivative, first and second derivative). Red dashed line indicates accuracy of a random classifier (accuracy of 0.5).
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