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1. Materials & Sample Preparation 

1.1. Materials 

All materials were used as purchased without purification, unless otherwise stated. Anhydrous 

99% pure o-DCB was purchased from Sigma Aldrich. 98% pure long-SWCNTs (OD: 1-2 nm; 

ID: 0.8-1.6 nm; Average diameter: 1.1 nm; Length: 5-30 um) and short-SWCNTs (OD: 1-2 

nm; ID: 0.8-1.6 nm; Average diameter: 1.1 nm; Length: 1-3 um) were purchased from US-

Nano, while >99% pure MWCNTs (13-18 nm OD) and 98% pure DWCNTs (60% DWCNTs 

specifically, but 98% nanotubes, Length: 0.5-2 um) were purchased from Nano Integris. 

Electronics grade P3HT flakes, obtained from Reike Metals and anhydrous electronic-grade 

FeCl3, purchased from Sigma Aldrich, were stored under inert atmosphere inside glovebox. 

Reagent grade nitromethane was purchased from Sigma Aldrich and was additionally dried 

and purified using the procedure described elsewhere1.  
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1.2. Preparation of CNT stock solutions 

The procedure for dispersion of CNTs was based on work by Bar-Hen et al2 

 L60P40 

To 18 mg threads of long SWCNTs in 50 ml V-shaped flask 1.2 ml of 10 mg/ml solution of 

P3HT in o-DCB was added and filled to 30 ml with o-DCB. This mixture was then sonicated 

at 100W in pulse mode (59 seconds ‘ON’ & 15 seconds ‘OFF’) with a sonicator probe for 3 

hours. The resulting dispersion was transferred to a 50 ml falcon tube and centrifuged at 7500 

rpm for 5 minutes. Then the dispersion was gently transferred to a storage vial for later use, 

while the sediment was transferred to a small vial, dried out over few days and weighted 

afterwards. 

S85P15 

To 25.5 mg powder of short SWCNTs in 50 ml V-shaped flask 450 ul of 10 mg/ml solution of 

P3HT in o-DCB was added and filled to 30 ml with o-DCB. This mixture was then sonicated 

at 100W in pulse mode (59 seconds ‘ON’ & 15 seconds ‘OFF’) with a sonicator probe for 2 

hours. The resulting dispersion was transferred to a 50 ml falcon tube and centrifuged at 5000 

rpm for 5 minutes. Then the dispersion was gently transferred to a storage vial for later use, 

while the sediment was transferred to a small vial, dried out over few days and weighted 

afterwards. 

M85P15 

To 25.5 mg powder of MWCNTs in 50 ml V-shaped flask 450 ul of 10 mg/ml solution of P3HT 

in o-DCB was added and filled to 30 ml with o-DCB. This mixture was then sonicated at 100W 

in pulse mode (59 seconds ‘ON’ & 15 seconds ‘OFF’) with a sonicator probe for 2 hours. The 

resulting dispersion was transferred to a 50 ml falcon tube and centrifuged at 5000 rpm for 5 

minutes. Then the dispersion was gently transferred to a storage vial for later use, while the 

sediment was transferred to a small vial, dried out over few days and weighted afterwards. 

D75P25 

To 22.5 mg powder of DWCNTs in 50 ml V-shaped flask 750 ul of 10 mg/ml solution of P3HT 

in o-DCB was added and filled to 30 ml with o-DCB. This mixture was then sonicated at 100W 

in pulse mode (59 seconds ‘ON’ & 15 seconds ‘OFF’) with a sonicator probe for 2 hours. The 

resulting dispersion was transferred to a 50 ml falcon tube and centrifuged at 5000 rpm for 5 
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minutes. Then the dispersion was gently transferred to a storage vial for later use, while the 

sediment was transferred to a small vial, dried out over few days and weighted afterwards. 

1.3 Preparation of P3HT/CNT mixtures and films  

All P3HT/CNT hybrid mixtures were prepared using microfluidic flow reactor in plug-flow 

mode. The reactor consists of 3 LabView-controlled dual syringe pumps, mixing junction, gas-

flow controller to break the flow into plugs (slugs), and a refurbished 3D-printer stage for 

automated drop-casting. The internal diameter (ID) of tubing for the flow reactor was chosen 

to be 0.25 mm, as it was found to be optimal for the drop-casting process, ensured better 

mixing, and facilitated plug formation. 

The experimental conditions were used in form of Design of Experiments (DoE) file in .csv 

format, generated by the Bayesian Optimization algorithm. This file contained data for volumes 

of solutions to be mixed in the flow reactor, while combined flowrate was kept constant 

throughout the experiment. To ensure repeatability of the experiment, each experimental 

condition consisted of 5-6 identical samples, while first 10-20 droplets of every condition were 

discarded to eliminate possibility of cross-contamination and accommodate for fluctuations of 

syringe pump flow due to change of individual flow rates. 

Samples were drop-casted onto treated double-polished fused silica substrates. The substrates 

were sequentially sonicated for 5 mins in acetone, 5 mins in IPA, and treated for 10 mins in 

UV-ozone cleaner at 100°C. Substrates were used for drop-casting within 10 minutes from 

final treatment. After drop-casting, samples were left to dry undisturbed. Then dry samples 

were transferred for doping. Detailed doping and measurement procedures are described in the 

following sections. 

1.4. Doping of films 

The drop-casted films on 4” quartz wafer was doped using 0.03 M FeCl3 solution in anhydrous 

nitromethane, prepared with anhydrous electronic-grade FeCl3 in inert environment. The 

wafers were immersed in FeCl3 solution for 5 seconds. After immersion, excess solution was 

removed by blow-drying with nitrogen gun. Both preparation of doping solution and doping 

itself were carried in an inert atmosphere environment. 
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2. Measurements 

2.1. Absorbance spectra using hyperspectral imaging (HSI) system  

In this work, we used PIKA-L (Resonon, USA) HSI in transmittance mode to measure the 

optical absorbance of P3HT/CNT composite films.  The wavelength range of the HSI system 

is from 400 nm to 1000 nm with spectral resolution of 2.1 nm and spatial resolution of ~120 

µm. The measurement and analysis of the HSI image cube involves four main steps in the 

following order: 1. System calibration, 2. Recording of sample image 3. Processing the image 

cube and 4. Analyzing the spectral features.  The system calibration involves the correction of 

the sample image from the dark current of the camera and the intensity profile of the light 

source.  The dark response of the camera (𝐷𝐷) is recorded by turning off the light source and 

covering the camera lens while the intensity profile of the light source is recorded by measuring 

the intensity of light transmitted through a reference quartz substrate (𝐼𝐼0). Upon completion of 

the system calibration, we scan the sample image that measures the intensity of the light 

transmitted through the sample (𝐼𝐼). The transmittance (𝑡𝑡) of the sample is calculated using the 

equation given below: 

𝑡𝑡 = 𝐼𝐼−𝐷𝐷
𝐼𝐼0−𝐷𝐷

  (1) 

 
From the image cube recorded, the mean transmittance spectra of the region of interest (ROI) 

of every drop-casted film is obtained by averaging ~20 x 20 pixels in the middle of the droplets.  

The absorbance values (𝐴𝐴) are then calculated using the equation as shown below: 

𝐴𝐴 = −log (𝑡𝑡)  (2) 
 

The absorbance spectra are obtained by plotting the absorbance values against the wavelength 

in nanometers (nm).  

 
Absorbance spectral analysis of drop-casted P3HT/CNT composite films  
 

The example HSI cube recorded on P3HT/CNT composite films prepared by drop-casting is 

shown in Figure S1. We drop-casted 36 test samples on a quartz wafer, with 6 unique 

compositions with 6 replications to account for the variation of film thickness due to drop-

casting inconsistencies.  
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Figure S1 Example HSI cube of P3HT/CNT composite film with varying multiwall CNT 
concentration 

Each column in Figure S1 represents a P3HT/CNT composition and the % CNT content 

increases from 10% to 85% in steps of 15% from the leftmost column to the rightmost column.   

The averaged absorbance spectra from ~20x20 pixels in the middle of the droplets is shown in 

Figure S2 

 

 

 

 

 

 

 

 

Figure S2 Absorption spectra of all 36 films (one wafer) grouped according to their % CNT 
content. 

2.2. Four-point probe measurement 

Sheet resistance of FeCl3 doped films are measured using semi-automated four-point probe 

(4pp) measurement setup. Keithley 2450 was used as a source meter to measure I-V curve for 

each droplet in a four-point probe configuration. From the I-V curve, the slope was calculated 

and multiplied by the geometry factor (3.8) to determine the sheet resistance of each droplet. 

The conductivity (σ) of each droplet was calculated using the following equation: 
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𝜎𝜎 = 1
𝑅𝑅𝑠𝑠𝑡𝑡

                                                                                                              (3) 

Where 𝑅𝑅𝑆𝑆 is the sheet resistance and t is the thickness of the drop-casted film. The thickness of 

randomly selected 15% droplets were measured using surface profilometer and the remaining 

values were inferred using machine learning (detailed procedure is described in the following 

sections). 

2.3. Surface Profilometer 

Surface profilometry was done on the KLA Tencor P-16+ profiler. Average thickness value, 

measured between imprints of inner two electrodes of 4pp, was used in the experiment. This 

procedure facilitated consistency of the measurements between experiments, and ensured that 

thickness data is indexed to exactly same position as 4pp data. Error of the thickness 

measurement was recorded as fractional deviation of thicknesses on the edges of measured 

section from the average thickness. 

 

3. Machine learning enabled data generation, model selection and property optimization 

3.1 Data pre-processing 

The raw data collected from experiments underwent a pre-processing step to examine the 

intrinsic properties, prior to use for machine learning. The attributes represented in the dataset 

were: [absorbance], [absorption ratio], [sheet resistance], [film thickness] and [conductivity]. 

The noise levels of these attributes with and without taking the logarithm is shown in Figure 

S3. Some attributes contain significant level of noise. This is the case for the [absorption ratio], 

[sheet resistance], [film thickness] and [conductivity] (see Table S1). After taking a logarithm 

of these values, the noise becomes more independent from the value’s scale, however this is 

not true for the [absorbance]. Hereafter, logarithms of [absorption ratio], [sheet resistance], 

[film thickness] and [conductivity] are referred as ‘R’, ‘S’, ‘T’, ‘Y’ respectively, while ‘A’ 

represents true value of [absorbance].  

Note that Figure S3 also indicates the noisy nature of the experiments. To estimate the noise 

level for ‘A’, ‘R’, ‘S’ and ‘T’, we calculated the standard deviation of these attributions over 

different droplets and then averaged them over different compositions. The estimated noise 

levels are also listed in Table S1. Note that for ‘T’ and ‘Y’, only a few compositions are 

represented by more than 2 measured samples, therefore only the approximate noise level can 
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be estimated. The noise level for ‘Y’ is estimated to be 0.3 (since ‘Y’ is calculated from ‘S’ 

and ‘T’, for which noise levels are estimated to be 0.2 and 0.1, respectively). The noise level 

were obtained for subsequent model selection strategies, that account for uncertainty. 

 

Figure S3 The fluctuation for experiment attributes. The top row represents the original 
values, and the bottom one represents their logarithm. The averaged values are derived from 

the six droplets with identical composition. 

 

Table S1 Node and attributes 

Node Attributes Noise level (estimated) 

C Composition ratio - 

A Absorbance 0.05 

R Ln(Absorption ratio) 0.05 

S Ln(Sheet resistance) 0.2 

T Ln(Film thickness) 0.1 

Y Ln(Conductivity) 0.3 
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3.2 Dataset resampling 

Since the dataset 𝒟𝒟 was collected via BO iterations that maximize or minimize ‘A’ and ‘Y’, 

composition ratios were not uniformly sampled from the whole content domain. The high/low 

‘Y’ regions contain more datapoints of composition ratios than other regions. For example, in 

Runs 1-12 data, the Euclidean distances from one datapoint to its nearest neighbour are very 

small. Figure S4 shows the boxplot of the distances. Therefore, we treat our dataset as an 

imbalanced dataset when using machine learning methods to explore the full content space.  

 

Figure S4 Euclidian distances between closest composition datapoints. The median value is 
2.51, mean is 3.32 

There are several known ways to treat imbalanced datasets3,4. Here we use the following 
resampling strategy: 

1. Set a threshold distance 𝑑𝑑0 = 1.0, and define a function ℎ(𝑥𝑥) = 𝑒𝑒−𝑥𝑥2/2𝑑𝑑02; 
2. For the i-th data point of composition ratio, calculate the distance to all data points 

(include the i-th data point itself), {𝑑𝑑𝑖𝑖1,𝑑𝑑𝑖𝑖2, … }, and then assign a number 𝑝𝑝𝑖𝑖 =
1/(∑ ℎ(𝑑𝑑𝑖𝑖𝑖𝑖𝑖𝑖 )) (a number between 0 and 1); 

3. Keep or drop data points. Keep the i-th data points with probability 𝑝𝑝𝑖𝑖. 
4. Select the sample within a same data point. If the i-th data point is kept, then 

randomly choose a sample in this content from all six duplicates.  
 

Note that 𝑝𝑝𝑖𝑖 is small when the i-th datapoint has many similar datapoints, and 𝑝𝑝𝑖𝑖 ≈ 1/𝑚𝑚𝑖𝑖, where 

𝑚𝑚𝑖𝑖 is the number of similar datapoints. Using this resampling strategy, we get many randomly 

resampled datasets 𝒟𝒟1,𝒟𝒟2, … which were then used for subsequent machine learning 

procedures. Particularly, during the cross-validation steps, we group the data by the value of 

‘Y’. Since 𝑌𝑌 ∈ (0,7] (The histogram is given in Figure S5), we assign a group label for each 

value to stratify the train and test split of the dataset (Table S2). 
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Table S2 Label of the data points 

Label 0 1 2 

Y 𝑌𝑌 ≤ 2.5 𝑌𝑌 ∈ (2.5,4] 𝑌𝑌 ∈ (4,5] 

Label 3 4  

Y 𝑌𝑌 ∈ (5,6] 𝑌𝑌 > 6  

 

 

Figure S5 Histogram of Y. 

 

3.3 Graphical regression model 

We used a directed graph to model the approximation of 𝑓𝑓(𝐶𝐶). For example, the graph ‘C→R, 

CR→Y’ represents the function 𝑓𝑓1(𝐶𝐶) as: 

𝑓𝑓1(𝐶𝐶)  =  𝑌𝑌( 𝐶𝐶,𝑅𝑅(𝐶𝐶) ) 

where 𝑅𝑅(𝐶𝐶) and 𝑌𝑌(𝐶𝐶,𝑅𝑅) are functions learned from the dataset. The main feature of the 

graphical regression model is the composition architecture, which aims to approximate the 

target function 𝑓𝑓(𝐶𝐶) better. 

Candidate graphs 

Given the nodes and fixed inputs (C) and output (Y), there are many candidate graphs which 

could be used to construct approximations of 𝑓𝑓(𝐶𝐶). Thus, some selection criteria are required 

to reduce the number of candidate graphs. We employed the following conditions: (1) the 

longest path in the graph contains no more than four nodes, (2) if both S and T are in the graph 

then Y is derived directly from them (since Y is a function of S and T) and other connections 

to Y are dropped. These limitations reduce the total number of candidate graphs to 368 (see 

Figure S6 for some examples). 
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Figure S6 Examples of candidate graphs 

 

 

Training of graphical regression models  

We used the graphical regression models (also called graph models) to perform regression 

analysis on the dataset. In each graph, the regressors of each node (except the input node C) 

are chosen from linear regression, Huber regression and gradient-boosting models by cross-

validation. Since the dataset was obtained from the BO suggestions, we treated it as an 

imbalanced dataset and designed a resampling strategy to generate training and test datasets. 

Due to the randomness of resampled training dataset, the prediction of a given graph model 

could be regarded as a random variable, and therefore the prediction performance could be 

quantified by the discrepancy between the prediction distribution and the true value distribution 

(due to noisy nature of the measurements). Particularly, we used the R2-score (the higher the 

better) as the main score which measures the collinearity of the predicted and target mean 

values, and KL-score (the lower the better) as the secondary score of the graph models to 

measure how well the uncertainty in the data was captured. 

Evaluation and selection of graph models  

In the graph model selection part, we used the mean of 𝑃𝑃(𝑌𝑌|𝐶𝐶𝑖𝑖) as the prediction and the R2-

score as the main model score. (Note that other score functions were also tested, but R2-score 

was the most reliable one.) In addition, we used the KL-divergence between 𝑃𝑃(𝑌𝑌|𝐶𝐶𝑖𝑖) and 

𝑃𝑃0(𝑌𝑌|𝐶𝐶𝑖𝑖) as the secondary score (the lower the better). The KL-divergence between two 

Gaussian distributions, 𝑃𝑃(𝑥𝑥) = 𝒩𝒩(𝜇𝜇,𝜎𝜎2) and 𝑃𝑃0(𝑥𝑥) = 𝒩𝒩(𝜇𝜇0,𝜎𝜎02), is given by: 

𝐷𝐷𝐾𝐾𝐾𝐾(𝑃𝑃,𝑃𝑃0) = �𝑃𝑃(𝑥𝑥) ln
𝑃𝑃(𝑥𝑥)
𝑃𝑃0(𝑥𝑥)𝑑𝑑𝑥𝑥 =

1
2
�
𝜎𝜎2 + (𝜇𝜇 − 𝜇𝜇0)2

𝜎𝜎02
− 1 − ln

𝜎𝜎2

𝜎𝜎02
�. 

The R2-score is defined as: 



   
 

10 | P a g e  
 

R2  = 1 −
∑ �𝑌𝑌𝑖𝑖 − 𝑌𝑌�𝑖𝑖�

2
𝑖𝑖

∑ (𝑌𝑌𝑖𝑖 − 𝑌𝑌�)2𝑖𝑖
, 

For the KL-score, we used the following definition according to the KL-divergence of two 

Gaussian distributions: 

𝑆𝑆𝐾𝐾𝐾𝐾,1(𝑌𝑌,𝑌𝑌� ,𝜎𝜎,𝜎𝜎�) =
1
2
�
𝜎𝜎2 + �𝑌𝑌 − 𝑌𝑌��

2

𝜎𝜎�2
− 1 − ln

𝜎𝜎2

𝜎𝜎�2
�,  

𝑆𝑆𝐾𝐾𝐾𝐾,2�𝑌𝑌,𝑌𝑌� ,𝜎𝜎,𝜎𝜎�� =
1
2
�
𝜎𝜎�2 + �𝑌𝑌 − 𝑌𝑌��

2

𝜎𝜎2
− 1 − ln

𝜎𝜎�2

𝜎𝜎2
�,  

where 𝑌𝑌� ,𝜎𝜎� are the prediction of 𝑌𝑌 and its standard derivation 𝜎𝜎. Note that the KL-divergence 

between two distributions is asymmetric. The 𝑆𝑆𝐾𝐾𝐾𝐾,2 is almost linearly related to R2-𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑒𝑒, 

therefore we use 𝑆𝑆𝐾𝐾𝐾𝐾,1 as the KL-score.  

𝑆𝑆𝐾𝐾𝐾𝐾 = � min
𝜎𝜎0≤0.3

𝑆𝑆𝐾𝐾𝐾𝐾,2(𝑌𝑌𝑖𝑖,𝑌𝑌𝚤𝚤� ,𝜎𝜎𝑖𝑖 ,𝜎𝜎𝚤𝚤�).
𝑖𝑖

 

To capture model accuracy, uncertainty, and graph complexity simultaneously, we combined 

the R2-score and KL-score in a weighted score, which is defined as:  

𝑆𝑆𝑤𝑤𝑤𝑤𝑖𝑖𝑤𝑤ℎ𝑡𝑡𝑤𝑤𝑑𝑑 = 20 ∗ 𝑅𝑅2 − 0.01 ∗ 𝑆𝑆𝐾𝐾𝐾𝐾  − 0.1 ∗ 𝐸𝐸, 

where 𝐸𝐸 is the number of edges in a graph, and characterizes the complexity of the graph. 

Table S3 Typical example of KL scores 

 (𝑌𝑌,𝑌𝑌�,𝜎𝜎,𝜎𝜎�) 

(6.0,6.5,0.3,0.01) 

(𝑌𝑌,𝑌𝑌�,𝜎𝜎,𝜎𝜎�) 

(6.0,6.5,0.1,0.01) 

(𝑌𝑌,𝑌𝑌�,𝜎𝜎,𝜎𝜎�) 

(6.0,5.0,0.3,0.3) 

(𝑌𝑌,𝑌𝑌�,𝜎𝜎,𝜎𝜎�) 

(6.0,4.0,0.1,0.1) 

𝑆𝑆𝐾𝐾𝐾𝐾,1 1696.10 1297.20 5.56 200 

𝑆𝑆𝐾𝐾𝐾𝐾,2 4.29 14.31 5.56 200 



   
 

11 | P a g e  
 

3.4 Verification of the BO convergence 

In this work, we ran 12 experimental iterations of BO. In order to indirectly verify the BO 

convergence, we run simulated BO with target Y on an artificial ground truth experiment, data 

for which was generated by an ensemble of graphical regression models trained from the final 

dataset (after 12 experimental iterations). For the graphical regression models, we used the top 

10 graphs selected from the candidate graphs using the method discussed in Section 3.3 of SI. 

For each graph, we independently trained the graphical regression model 20 times using 

randomly resampled training dataset. During one call of 𝑌𝑌 with a given 𝐶𝐶, we first randomly 

choose one of the trained graphical regression models, and then use it to predict 𝑌𝑌. During the 

BO iteration, we used the following Hyper-parameters that are same with our real experimental 

BO: 

batch_size = 9, 

num_cores = 4, 

model_type='GP', 

initial_design_numdata=20, 

acquisition_type ='EI', 

acquisition_jitter = 0.5. 

We independently ran the simulated BO 20 times and show the history in Figure S7. In each 

run, we optimized the conductivity up to iteration 20. Each box in the boxplot shows the 

statistical result from all 20 independent runs. Figure S7 (a) shows the target convergence by 

considering the largest observed conductivity in each step (note that there are 9 values in each 

step since we use the batch-BO). The red circles show the best conductivities in each BO step. 

Most BO runs reach the optimum (noisy) conductivity before step 13. The improvement 

becomes obvious after the first 3 steps. Figure S7 (b) shows the convergence of the parameter 

(characterized by the distance to the best obtained content which has the optimal observed 

conductivity over all runs and steps). The red circles show the nearest distance by each BO run. 

The minimal distances are less than 10 for most runs. The target and parameter convergence 

results suggest that approximately 12 BO steps are enough for our experiment. We attribute 

this fast convergence to the relative simplicity of the target landscape.  
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(a) (b)  

Figure S7 BO convergence 

3.5 Related machine learning methods 

We propose the graph-based machine learning model in this paper as it can handle multiple 

possible inputs, outputs and intermediate relationships. Our method is not only a regression 

model (with a fixed graph) but also a model selection strategy considering both accuracy and 

uncertainty, with the eventual task of determining an optimal graph model to build the 

regressor.  

Missing data 

During the dataset generation step, we infer the missing values using regression, which is 

similar to the general problem of matrix completion5–8. However, in context of our experiment, 

the performance of the matrix completion algorithms from the ‘fancyimpute’ package9  is 

similar to linear regression. 

Multi-target regression  

The regressor in our graphical model is similar to multi-target regression (MTR), also known 

as multivariate or multi-output regression10–13.  In contrast to traditional regression tasks with 

a single target variable (or multi-targets, which are treated as separate ones), MTR attempts to 

exploit the inter-target dependencies between the targets. Two state-of-the-art MTR 

approaches are Stacked Single Target (SST) and Ensemble of Regressor Chains (ERC)11. SST 

and ERC could be regarded as special cases of GM, where the SST approach for our dataset 

corresponds to the graph ‘C→ARSTY*, CARSTY*→Y’, and ERC corresponding to an 

ensemble of graphs like ‘C→A, CA→R, CAR→S, CARS→T, CARST→Y’ (with the chain 

‘ARSTY’). The main differences between MTR and graphical regression model in our 

approach are:  (1) we focus on one target (Y) while other targets provide information to improve 
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the regression performance, thus our approach is not a strictly multi-target problem; (2) we 

account for the data uncertainty and incompleteness, which come from the noise and high cost 

of certain measurements; (3) our method is not only a regression model (with fixed graph) but 

also a model/feature selection strategy, with the additional task of determining an optimal graph 

model to build our regressor on; and the last point (4) connects our method to the study of 

inferring dependencies on a graph, namely probabilistic graph models, which will be discussed 

in next paragraphs. 

 

Uncertainty estimation 

During the graphical model selection, we additionally use the KL-score, which accounts for 

the uncertainty. This is a widely studied topic in machine learning, especially in Bayesian 

learning14,15. However, our method does not require very accurate characterization of the 

distribution of uncertainty. It only needs an approximate measure of the noise magnitude to 

assist us with model selection. Thus, our method provides an additional advantage of 

efficiency, as it iterates through many graph models.  

Probabilistic graphical models (PGM) 

PGM16 combines the rigor of a probabilistic approach with the intuitive representation of 

relationships given by graphs. They are commonly used in probability theory, statistics, and 

machine learning17. However, PGM’s goal is to infer conditional dependence/independence. 

In our case, we want to maximize predictive accuracy, meaning we can ignore the conditional 

dependence if it does not improve the predictive model. This induces a subtle but important 

difference, while mathematical study of the precise distinctions between probabilistic graph 

models and graphical regression models (such as the one introduced here) is a subject of future 

work. 

4. ML validation by high-fidelity experiments 

To further understand the relation between the sample composition and electrical 

conductivity, four samples were selected for detailed experimental analysis using UV-VIS-

MIR spectroscopy (Shimadzu UV-3600), Raman Spectroscopy (532nm laser excitation) and 

scanning electron microscopy (FEI Helios 600). The samples included two high performing 

samples: L60P40 (40 % P3HT and 60 % long single-wall CNT), L50D10P40 (40 % P3HT, 10 % 

double-wall CNT and 50 % long single-wall CNT), a composite with highest performing type 
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of CNT, but at lower concentration: L10P90 (90 % P3HT and 10 % long single-wall CNT), and 

a composite with shorter type of CNTs, but same concentration as in the highest performance 

one: S60P40 (40 % P3HT and 60 % short single-wall CNT). The full absorption spectra of the 

pristine and doped films are shown in figure S8.  The spectrum of P3HT is also included for 

reference. 

 

Figure S8 UV-VIS-MIR spectra of pristine and doped films. Solid lines are for pristine films 
and dotted lines are for Fecl3 doped films 

The Raman spectra of pristine CNT films are shown in figure S9 where the contributions 

due to G-band and D band can be seen clearly.  The Raman spectra of P3HT/CNT hybrid films 

and discussion are included in the main manuscript.   

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

Ab
so

rb
an

ce
 [a

.u
]

Energy [eV]

 P3HT             P3HT
 L60P40            L60P40

 L50D10P40       L50D10P40

 L10P90            L10P90 
 S60P40            S60P40

Pristine Doped 



   
 

15 | P a g e  
 

 

Figure S9 Raman spectra of pristine CNT films 

 

The SEM picture of the doped films are shown in figure S10, where the film morphology 

differences between the different composites can be seen clearly. 

 

 

 

Figure S10  Contrast enhanced SEM picture of doped films 
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