Supplemental Information
The effect of pre-supplementary motor area HD-tDCS on habit: A randomized cross-over experiment using reinforcement learning in healthy subjects
Journal: Experimental Brain Research
Vasundhra Teotia1,2, Karthik Sheshachala1,3, Srinivas Balachander1, Vani Holebasavanahalli Thimmashetty1, Ganesan Venkatasubramanian1, YC Janardhan Reddy1, Janardhanan C Narayanaswamy4,1,5

1 OCD Clinic, Department of Psychiatry, National Institute of Mental Health and Neuro Sciences (NIMHANS), Bengaluru, Karnataka, India – 560029

2 Western Health, Department of Mental Health and Wellbeing Services, Melbourne, Victoria, Australia

3 Forensicare, Melbourne, Victoria, Australia

4 Department of Psychiatry, School of Clinical Sciences, Monash University, Australia; Monash Health, Melbourne, VIC, Australia

5 Deakin University, IMPACT-The Institute for Mental and Physical Health and Clinical Translation, School of Medicine, Barwon Health, Geelong 

Correspondence: 
Janardhanan C. Narayanaswamy,
Department of Psychiatry, Monash University - Block P, Level 3, 246 Clayton Rd, Clayton, Melbourne VIC 3168
Australia
Phone: +61-3 9594 5610
Fax: +61-39594 6258	
Electronic address: jana.narayanaswamy@monash.edu





Reinforcement-learning modelling
A hybrid reinforcement modelling approach was used, detailed description of which was previously provided by Daw et al(Daw et al., 2011), Decker et al(Decker et al., 2016) and Nussenbaum et al(Nussenbaum et al., 2020). This approach calculates Q(s,a) values for a state action pair using both MB and MF algorithms. The Q value tells us how beneficial it is for an agent to take an action a in a state s that guides the agent to select an action that yields the highest expected long-term rewards.
Each trial t has two stages s1,t and s2,t, two actions a1,t and a2,t, and two rewards r1,t and r2,t. The MF temporal difference algorithm uses the following formula to estimate the Q value:
QMF(si,t, ai,t) = QMF(si,t-1, ai,t-1) + 𝛼𝛿i,t                                                                                                        (1)
where, 𝛼 is the learning parameter and 𝛿 is the reward prediction error (RPE). The learning rate determines the extent to which an agent updates its knowledge about state-action values based on newly acquired information. RPE is the difference between the expected and actual reward. It is given by the following formula:
𝛿i,t = 𝑟i,t + QMF( 𝑠i+1,t, 𝑎i+1,t) − QMF(𝑠i,t-1, 𝑎i,t-1)                                                                                           (2)
Since the reward in stage 1 is always 0, the RPE in stage 1 according to equation 2, is determined by the difference between stage 1 and stage 2 action value.  Further to update the first stage action value, second stage RPE is multiplied by an eligibility parameter(𝜆) as follows:
QMF(𝑠1,t, 𝑎1,t) = QMF(𝑠1,t, 𝑎1,t) + 𝛼𝜆𝛿2,t                                                                                                     (3)
Eligibility parameter determines the degree to which past actions influence the learning process, balancing between short-term and long-term consequences.
The MB algorithm calculates the action values as follows:
[image: ]                        (4)
Here, for first stage, the 70/30 transition probability is taken into account along with the possible stage 2 outcome probabilities. The second stage action value is the same across the two algorithms.
Finally, for the stay probability, a softmax choice rule is used to combine QMB and QMF multiplied by separate inverse temperature parameters, 𝛽MB and 𝛽MF as follows:
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where ⍴ is the stickiness parameter, with ⍴ < 0 for switching and ⍴ > 0 for perseveration. rep(a) is 1 if a first stage choice is repeated, else it is 0. For stage 2 as there is no QMB, QMF is multiplied with 𝛽.
Model fitting:
The fmincon function in MATLAB 2023b, was used to obtain the parameter values that maximized the log posterior for every participants choices. The first 9 trials and the trials where participants did not respond were removed. Similar to Nussenbaum et al(Nussenbaum et al., 2020), the following priors and bounds were used for the parameters : ɑ,λ,:bounds=0,1;prior=beta(1.1,1.1);𝛽MF,𝛽MB,𝛽:bounds=0,30;prior=gamma(3,1);⍴:bounds=-30,30,prior=normal(0,10).
Parameter values were randomly initialized, and then fmincon was run for 1000 iterations per participant.
Results:
Tables S1 through S7 show the effect of order and type of stimulation on each of the parameters. In addition to the results in the main paper, stickiness parameter significantly reduces with cathodal stimulation. This is in line with the logistic regression results where probability of first stage choice stay reduces with cathodal stimulation. 
Table S1 Linear Regression analysis for effects of stimulation and order on alpha
	
	Estimate
	Std.Error
	df
	t value
	Pr(>|t|)

	(Intercept)
	0.59344
	0.08151
	79.9737
	7.28
	2.05E-10***

	Order
	-0.03289
	0.02824
	53
	-1.165
	0.249

	Stim_TypeAnodal
	0.01279
	0.05623
	53
	0.228
	0.821

	Stim_TypeCathodal
	-0.05274
	0.0558
	53
	-0.945
	0.349


(Significance codes: P< 0.0001‘***’, P< 0.001 ‘**’, P<0.01 ‘*’)






Table S2 Linear Regression analysis for effects of stimulation and order on Beta MB
	
	Estimate
	Std.Error
	df
	t value
	Pr(>|t|)

	(Intercept)
	2.52085
	0.50914
	79.99947
	4.951
	4.02E-06***

	Order
	-0.01483
	0.17541
	53
	-0.085
	0.933

	Stim_TypeAnodal
	-0.16538
	0.34931
	53
	-0.473
	0.638

	Stim_TypeCathodal
	0.29644
	0.3466
	53
	0.855
	0.396


(Significance codes: P< 0.0001‘***’, P< 0.001 ‘**’, P<0.01 ‘*’)


Table S3 Linear Regression analysis for effects of stimulation and order on Beta MF
	
	Estimate
	Std.Error
	df
	t value
	Pr(>|t|)

	(Intercept)
	2.0047
	0.3992
	73.847
	5.022
	3.44E-06

	Order
	0.1009
	0.1509
	53
	0.669
	0.50647

	Stim_TypeAnodal
	0.583
	0.3005
	53
	1.94
	0.05767

	Stim_TypeCathodal
	0.8053
	0.2981
	53
	2.701
	0.00926**


(Significance codes: P< 0.0001‘***’, P< 0.001 ‘**’, P<0.01 ‘*’)


Table S4 Linear Regression analysis for effects of stimulation and order on Beta
	
	Estimate
	Std.Error
	df
	t value
	Pr(>|t|)

	(Intercept)
	2.57654
	0.50091
	78.7276
	5.144
	1.92E-06***

	Order
	0.32636
	0.18007
	53
	1.812
	0.0756

	Stim_TypeAnodal
	0.54445
	0.35858
	53
	1.518
	0.1349

	Stim_TypeCathodal
	0.07218
	0.35581
	53
	0.203
	0.84


(Significance codes: P< 0.0001‘***’, P< 0.001 ‘**’, P<0.01 ‘*’)
Table S5 Linear Regression analysis for effects of stimulation and order on Lambda
	
	Estimate
	Std.Error
	df
	t value
	Pr(>|t|)

	(Intercept)
	0.70091
	0.07804
	77.84713
	8.982
	1.19E-13***

	Order
	-0.02406
	0.02841
	53
	-0.847
	0.401

	Stim_TypeAnodal
	0.02004
	0.05657
	53
	0.354
	0.725

	Stim_TypeCathodal
	0.05758
	0.05614
	53
	1.026
	0.31


(Significance codes: P< 0.0001‘***’, P< 0.001 ‘**’, P<0.01 ‘*’)



Table S6 Linear Regression analysis for effects of stimulation and order on stickiness
	
	Estimate
	Std.Error
	df
	t value
	Pr(>|t|)

	(Intercept)
	0.98274
	0.31182
	78.93602
	3.152
	0.00229***

	Order
	0.23305
	0.10279
	53
	2.267
	0.02747*

	Stim_TypeAnodal
	-0.09316
	0.20468
	53
	-0.455
	0.65086

	Stim_TypeCathodal
	-0.41703
	0.2031
	53
	-2.053
	0.04499*


(Significance codes: P< 0.0001‘***’, P< 0.001 ‘**’, P<0.01 ‘*’)
Table S7 Linear Regression analysis for effects of stimulation and order on likelihood
	
	Estimate
	Std.Error
	df
	t value
	Pr(>|t|)

	(Intercept)
	193.954
	11.623
	69.053
	16.688
	<2.00E-16***

	Order
	-9.727
	3.385
	53
	-2.874
	0.00582**

	Stim_TypeAnodal
	-8.497
	6.74
	53
	-1.261
	0.21297

	Stim_TypeCathodal
	5.272
	6.688
	53
	0.788
	0.434


(Significance codes: P< 0.0001‘***’, P< 0.001 ‘**’, P<0.01 ‘*’)
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