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Functional near-infrared spectroscopy (fNIRS) (Jobsis 1977) is being increasingly used for cognitive 

neuroscience and brain-computer interfaces (BCIs) (Naseer and Hong 2015). It is often used with the aim 

of determining what type of task a subject is doing or assessing a task’s level of intensity, and is becoming 

growingly popular for classifying types and levels of mental activity (Herff et al. 2014, Benerradi et al. 2019). 

For classification, machine learning is used widely, whether it be standard machine learning with models 

such as linear discriminant analysis (LDA) or support vector machines (SVM), or more recently deep 

learning with techniques ranging from standard artificial neural networks (ANNs) to convolutional neural 

networks (CNNs) and recurrent neural networks (RNNs) (Naseer et al. 2016, Trakoolwilaiwan et al. 2017, 

Yoo et al. 2018). Unlike other communities that have developed standardised and comparable approaches 

to machine learning of physiological measures, standards and good practices are still emerging for fNIRS. 

Consequently, in some cases, these techniques can appear to be effective, but researchers need to be 

aware of good practices and avoid common pitfalls that undermine the reliability of the end results (Lipton 

and Steinhardt 2019).  

Our work aims to raise awareness of those issues and provide a framework to implement a robust 

methodology to produce meaningful and reproducible benchmarked results of machine learning 

classifications with fNIRS data. This framework comes in the form of an open-source Python library with 

an implementation of signal processing pipelines, feature extraction, and machine learning models applied 

to fNIRS data with rigorous validation. Some of the most common features used in the fNIRS literature can 

be extracted, including the mean, the standard deviation, and the slope of the linear regression (Naseer 

and Hong 2015). Models are validated with nested k-fold cross-validation (the value of k can be set), thus 

enabling systematic hyperparameter optimisation on the inner loop (Bengio 2012, Schmidt et al. 2020). It 

also calculates metrics like accuracy, whilst plotting training graphs and confusion matrices. This whole 

methodology has been systematically applied to 5 open-access datasets of fNIRS tasks from the literature, 

as shown in Table 1. Those tasks include n-back, word generation, mental arithmetic, and motor execution. 

Based on this framework, we produced a benchmarking of the most popular models used in fNIRS BCIs, 

including LDA, SVM, ANN, CNN and a type of RNN called long short-term memory (LSTM) network (Naseer 

and Hong 2015). Early results show that the performance of models obtained with this methodology are 

below the performances reported in literature, highlighting the fact that different methodologies can lead 

to drastically different results. This emphasises the necessity to have a unified robust methodology for 

machine learning classification of fNIRS data in order to reliably compare  results to each other. 

Precautions should be taken when claiming better performances of specific models as our results show 

that this tends to be very dataset dependent, sometimes giving results close to chance level and being 

unstable with hardly optimisable hyperparameters. It also appears that classification of mental tasks yields 

poorer performance compared to motor tasks. This is likely explained by the more complex brain 

processes involved for higher level tasks (Masters and Schulte 2020). 



Finally, our work aims to encourage researchers to report more exhaustively in manuscripts the 

methodology and parameters used in their machine learning models for the sake of reproducibility and 

comparison. 

Our framework presents the machine learning fNIRS community with a challenge platform akin to other 

benchmarking datasets such as CIFAR-10 and MNIST (Krizhevsky and Hinton 2009, LeCun et al. 1998), for 

researchers to compare their results. This framework will be published under the form of a repository 

available online, open to contributions from the community in order to add support for new datasets and 

techniques. We encourage machine learning researchers in the fNIRS community to use this framework 

when introducing new techniques, to enable a clearer depiction of performance improvements, especially 

for others choosing machine learning approaches for fNIRS in the context of cognitive neuroscience 

experiments or BCIs. 

 

 

Table 1. Summary of the datasets currently supported by the framework. 
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