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a) General linear model (GLM) to elucidate the difference in hemodynamic response during “yes” and “no” thinking ISI (see PLoS Biology original paper for description of the experimental procedure)
Generalized linear model (GLM) is used to describe the relationship between the brain activity, in our case, fNIRS signal and stimulus (Yes vs. No thinking) presented to the patients. GLM analysis is a common method to identify underlying cortical activity and localization of the brain region related to the stimulus presented to the patient/subject. GLM analysis is performed in order to find out, first, if there is any statistically significant difference between the two tasks “yes” and “no” thinking performed by the patients. Secondly, if there is any difference, which channels have most significant differences?  In order to perform the GLM analysis, first the thinking period, i.e., inter stimulus interval (ISI) of true (yes) and false (no) sentences was convolved with a hemodynamics response function. For further details on GLM analysis please see Uga et al., 2014 [1]. There are many canonical functions to choose from, please see Boynton et al., 1996 [2] and Friston et al., 1998 [3]. In this study, we have used modified gamma function as suggested by Uga et al., 2014 [1] and Handwerker et al., 2004 [4]. Once the convolved function is created, it is used to estimate the beta weights for each condition using generalized linear model (GLM).  The GLM analysis was performed using HomER2™ (Hemodynamic Evoked Response) software, developed in the Photon Migration Lab (PMI) at Massachusetts General Hospital (MGH, Harvard, http://www.nmr.mgh.harvard.edu/PMI), HomER2 provides an easy way to process and visualize the data in terms of hemodynamic components (i.e oxy-hemoglobin (HbO), deoxy-hemoglobin (HbR) and total hemoglobin (HbT)). HomER2 is extensively used for analyzing fNIRS data acquired by fNIRS community and is financed by NIH for developing open source analysis tool to ensure replication of the results. 
Here we present the result of GLM analysis applied on oxygenation change data acquired during Patient B’s “yes” and “no”.
 
Fig S1: Result of GLM analysis for A) “yes” and B) “no” thinking across all the 20 channels placed on fronto-central brain region as described in Chaudhary et al., 2017. The figure shows the results from group GLM result using all the sessions of a visit to patient B. In this particular visit patient B performed in total 17 sessions. Both Figure 3A and 3B has eight sub-plots showing the hemodynamic response from 20 channels, each sub-plot shows the hemodynamic response from the channels highlighted in different colors, and different colors in each subplot represent different channels. 

The GLM analysis shown in Fig S1, shows statistically significant difference in the change in the concentration of O2Hb during between “yes” and “no” thinking, across most of the channels, in Patient B.

b) t-test between “yes” and “no” thinking across all the channels and sessions
To quantitatively elucidate the difference between “yes” and “no” thinking t-test was performed between change in the concentration of O2Hb during “yes” and “no” thinking across all the channels and session. The result of t-test performed is shown in Figure 4 below. As written in page 19 of Chaudhary et al., 2017 [5], 
“The relative change in O2Hb, EEG and EOG data were processed offline to determine:
a) The statistical difference in the particular physiological signal (O2Hb, EEG and EOG) during the ISI of true (yes) and false (no) sentences (in the time domain).
To ascertain the difference between the averaged ISI of true and false sentences t-tests were performed. T-test was performed separately for O2Hb, EEG and EOG signals acquired from all the sessions and across all the channels in a session, averaged over many sessions varying slightly between patients. Furthermore, t-tests were also performed for each session between the ISI of all the 10 true sentences and all the 10 false sentences (Berlin is the capital of France, Berlin is the capital of Germany), across different channels in a session.” We used the same method to perform the t-test whose result is shown in Fig S2 below.


Fig S2: Binary map of the result of t-test, yellow indicates p-values is less than 0.05, i.e., significant difference between “yes” and “no” thinking and Blue indicates p-value is greater than 0.05, i.e., no significant difference between “yes” and “no” thinking response. In the figure x-axis represents the channel number, as described in Chaudhary et al., 2017, 20 different channels were placed on the fronto-central brain region, and y-axis represents the session number. 

The result of t-test shows the presence of significant difference between the change in the concentration of O2Hb during “yes” and “no” thinking in most channels, except few channels across some sessions. Thus, using this analysis method, we have proved the presence of statistically significant difference in the change in the concentration of O2Hb during “yes” and “no” thinking. This was also shown in Chaudhary et al., 2017. 


c) Classification: 
Classification for (ISI) of true (yes) and false (no) sentences is performed on day wise. For a particular day, (ISI) of true (yes) and false (no) sentences were concatenated, after taking physiological state of the patient in account. The concatenated (ISI) of true (yes) and false (no) sentences was then divided into 80% for training and 20% for the testing. Training data was further divided into 80%-20% for the 10-fold cross validation. Testing data set was never used for the training and cross validation. Common spatial pattern (CSP) technique as described in Zhang et al., 2017 [6] was used for feature extraction and support vector machine algorithm was used for classification. All preprocessing steps were performed in MALTAB using in-house scripts and HomER [7,8] software package. Python’s sklearn library (Scikit-learn: Machine Learning in Python) [9] was used for the Support vector machine classifier and CSP was used from MNE [10,11] software package. 
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