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 Quest for novel materials with higher thermoelectric figure of merit is on the 

rise due to global demand for green and renewable energy sources, which is a 

gradual deviation from the conventional fossil energy sources. Energy problem 

across the globe is dynamic and it varies from one clime to another. In 

addressing the quantum demand for these new materials, experimentalists are 

limited to certain domain of materials classes like chalcogenides, skutterudites, 

and Zintl phases in their search for newer materials due to experimental 

constraints. Computational data from theorist usually guide the chemistry of 

experimentalist in their search and synthesis of new materials. However, Ab 

initio computation of thermoelectric properties remains herculean and 

computationally expensive. We present a machine learning (ML) model to 

predict thermoelectric figure of merit, ZT from chemical formula. Datasets 

from citrine and materials project were obtained using Application Program 

Interface (API). The Standard Error in the estimate of Root mean squared error 

(RMSE) was 0.0135 and Uncertainty calibration was recorded to be 0.662 

translating to percentage error of 2.6% in calibration uncertainty. The ML 

model was used in the prediction of thermoelectric figure of merit for several 

compound and the results are presented with their probability density. 
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1.0 Introduction 

Material research is central to technological revolution and advancement. Over the years, the material 

industry has witness dynamics in discovery of new materials for applications in various areas of human 

endeavours. Experimental research in material research are usually tedious and expensive while Density 

Functional Theory (DFT), which has contributed in no small measure to revolution in material research can 

be computationally demanding and costly. DFT also has limitations in accurate representation of 

experimental results (Adetunji et al., 2016; Curtarolo et al., 2013; Olayinka, Adetunji, et al., 2019; 

Olayinka, Idiodi, et al., 2019; Zhang & Wang, 2011). Quest for better and efficient materials in several 
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applications like photovoltaic and thermoelectric has heralded a new era in material research with the 

deployment of Artificial Intelligence (AI), Machine Learning (ML) and Deep Learning (DL) algorithms to 

material discovery. The application of AI, ML and DL in material research is an evolving area of research 

(Iwasaki et al., 2019; Liu et al., 2017; Pilania et al., 2013; Raccuglia et al., 2016; Ramprasad et al., 2017). 

The success of ML and DL algorithms in material research is predicated on quantum of experimental or 

theoretical datasets repository. ML models are created based on learning from datasets repository which 

eventually leads to discovery of newer materials for various applications. Crystal structure, band gaps, 

entropies predictions as well as new materials discovery for applications in metallic glasses and organic 

flow battery electrolytes are some of the exploits recorded so far in ML materials research (Castelli et al., 

2012; Isayev et al., 2017; Jain & Bligaard, 2018; Kim et al., 2017; Legrain et al., 2017; Lu et al., 2018; 

Meredig et al., 2014; Ren et al., 2018).  

Thermoelectric materials enable the conversion of heat energy into electricity. Usually, heat energy in most 

system is wasted as in automobile engine where a greater percentage of heat generated by the engine is 

released to the atmosphere. The release of the heat to the atmosphere could be contributing factor to global 

warming and greenhouse effect. Discovery of more efficient, flexible and cost-effective materials can drive 

innovations that will lead to thermoelectric generators which is capable converting heat to useful electricity. 

Conversion of heat to electricity at solid state level has merits in terms of reliability, miniaturization, 

flexibility and cost efficiency (Dresselhaus et al., 2007; Fang et al., 2018; Zhu et al., 2018, 2019).   

 

In this work, we create a model through experimental design to predict materials with better thermoelectric 

figure of merit (ZT).   

 

2.0 Methodology 

In this section, we present the theoretical formulation for probing thermoelectric properties of materials as 

well as computational methodology adopted in the experimental design for predicting thermoelectric figure 

of merit. 

2.1 Theoretical Formulation for Thermoelectric Properties 

Thermoelectric properties of materials are characterized by the dimensionless quantity known as the 

thermoelectric figures of merit (ZT), given as: 

𝑍𝑇 =
𝜎𝑆2

𝜅
𝑇      (1) 

where σ is the electrical conductivity, S is the Seebeck coefficient, 𝑇 is the temperature while κ is the 

thermal conductivity.  

Thermal conductivity, κ can further be defined as 

 𝜅 = 𝜅𝑝ℎ + 𝜅𝑒      (2) 

where 𝜅𝑝ℎand 𝜅𝑒are phonon and electronic components of thermal conductivity respectively.   

Seebeck coefficient of a material quantifies the ratio of induced thermoelectric voltage to temperature 

difference across the material, as a consequence of the Seebeck effect. Seebeck coefficient is measures in 

volts per kelvin or microvolts per kelvin. Materials with better thermoelectric properties are those with 

higher value of ZT and they are potential material for thermoelectric applications. Equation 1 shows that 

higher value of electrical conductivity and Seebeck coefficient will yield higher value of figure of merit 
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while lower value of thermal conductivity corresponds to low figure of merit. Maximization of the power 

factor (𝜎𝑆2)with or without minimization of thermal conductivity (𝜅𝑝ℎ + 𝜅𝑒)can give rise to higher 

thermoelectric figure of merit, ZT. Though this might be difficult experimentally due to the coupling of 

transport coefficients. Higher ZT value is a desirable feature. Though, electrical conductivity, Seebeck 

coefficient and thermal conductivity are closely correlated, material informatics is considered as a better 

alternative in quest for materials with higher figure of merit without the hassle of rigorous experiment and 

computationally expensive simulation while predicting properties of materials. 

Efficiency of the thermoelectric materials ability to convert heat to electricity is correlated by the Carnot 

efficiency, 𝜂 and the figure-of-merit, ZT of the material: 

𝜂 = (
𝑇ℎ𝑜𝑡−𝑇𝑐𝑜𝑙𝑑

𝑇ℎ𝑜𝑡
)(

√1+𝑍𝑇𝑚−1

√1+𝑍𝑇𝑚+(
𝑇𝑐𝑜𝑙𝑑
𝑇ℎ𝑜𝑡

)
)   (3) 

where 𝑇ℎ𝑜𝑡, 𝑇𝑐𝑜𝑙𝑑and 𝑇𝑚are hot-side temperature, cold-side temperature and mean temperature 

respectively. [18] 

2.2 Dataset Description and Preparation 

Thermoelectric dataset of Gaultois et al (Gaultois et al., 2013) as reposited in Citrine Informatics Artificial 

Intelligence (AI) powered materials data platform (https://citrination.com). The original thermoelectric 

dataset contains a collection of thermoelectric properties, such as thermal and electrical conductivities, for 

various thermoelectric materials as well as thermoelectric figure of merit. Dataset contains experimentally 

computed thermoelectric figure of merit at 300K, 400K, 700K and 1000K. For this work, thermoelectric 

dataset measured at 300K were extracted and used in model building as well as machine learning training. 

The dataset consists of 195 figure of merit (ZT) measured experimentally for different inorganic 

compounds at 300K. In developing for the model, quality of the training dataset was ensured by using data 

filtering approach to eliminate noise from the dataset.  

2.3 Technical Procedure 

In predicting the thermoelectric figure of merit, python 3.6 distribution by Anaconda (Anaconda Inc., 2019) 

was used in data preparation as well as python interface to Citrine Informatics Artificial Intelligence (AI) 

powered materials data platform (https://citrination.com). Python interface with citrination platform was 

achieved through Application Programming Interface (API) provided by citrination as illustrated in Fig. 1. 

Datasets uploaded to citrination is searchable, shareable, and accessible for machine learning. Using the 

dataview option from the citrination platform, thermoelectric figure of merit for novel materials are 

predicted. The Lolo estimator in the Citrine's open source machine-learning library was used with 

Ensemble of non-linear estimators. Jackknife method of uncertainty estimation was used with three-fold 

cross-validation. Number of estimators used were 145 with a maximum tree depth of 30.  

 

 

 

 

 

 

Figure 1: ML Model for Python Interface with Citrination Platform 
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3.0 Results  

3.1 Machine Learning Model Training and Performance 

Dataset described in section 2.2 was used as the training dataset to train the machine learning model for 

predicting thermoelectric figure of merit. Fig 2 shows the number of training examples and a distribution 

of thermoelectric figure of merit. 

In training the model, important features from the chemical formula, used in the training of the model were 

ranked by their order of importance. Importance scores added up to 1 and these represent the contributions 

of various features to the overall model performance. Fig. 3 shows the Pearson Correlation for the model 

training performance for individual contributors. Pearson Correlation is a statistical measure of linear 

correlation between binary variables. Pearson Correlation Coefficient ranges between +1 and −1 with +1 

as the total positive linear correlation while −1 is total negative linear correlation and Pearson Correlation 

Coefficient value of 0 indicates zero linear correlation between the binary variables. From Fig. 3, the 

Pearson Correlation Coefficient for the of Valence electron density for formula is 0.447 which is the highest 

Coefficient. Other top Correlation Coefficient are 0.435 and 0.407 for Min atomic radius plus max 

electronegativity difference for formula and mean of Trouton's Ratio for formula respectively. Lowest 

coefficient as shown in the figure are 0.225 for the Maximum weight fraction for formula and 0.218 for 

Minimum weight fraction for formula.  

On the other hand, the distance correlation, which measures the dependency between two paired random 

vectors of arbitrary, not necessarily equal, dimension. When random vectors are independent, the distance 

correlation coefficient will be zero. In essence, distance correlation measures both linear and nonlinear 

association between two random variables or random vectors. Distance correlation is different from the 

Pearson's correlation because the latter only measures linear association between two random variables. 

Fig. 4 shows the distance correlation for our model’s performance. Minimum atomic radius plus max 

electronegativity difference for formula, has distance correlation coefficient of 0.513 which is the highest 

coefficient. This is closely followed by the mean of Row in periodic table for formula and Maximum radius 

ratio for formula with distance coefficients of 0.491 and 0.477 respectively. Least distance coefficients for 

the mean of Radius of d orbitals for formula was and 0.405. 

On Citrination Platform, feature that are crucial as inputs to machine learning model for predicting 

thermoelectric figure of merit are the mean of Total number of valence electrons for formula, the mean of 

Number of d valence electrons for formula and the mean of DFT energy density for formula  with 26%, 

12%, and 7% contribution to model performance respectively. The mean of Non-dimensional work 

function for formula, has 5% contribution while mean of Valence electron density for formula and mean 

of Elemental melting temperature for formula, contributed 4% each. For mean of Elemental bulk modulus 

for formula, a performance contribution to the model was 3%. Others such has mean of Radius of d orbitals 

for formula, Maximum weight fraction for formula, mean of Moduli sum for formula, Minimum atomic 

radius plus max electronegativity difference for formula, mean of Row in periodic table for formula, mean 

of Liquid range for formula, mean of Number of valence electrons for formula, mean of Number of p 

valence electrons for formula contributed 2% each to the model performance.  

A performance contribution of 1% was recorded for mean of Elemental polarizability for formula, mean of 

Ratio of Electron Affinity to Electronegativity for formula, mean of Elemental crystal structure (space 

group) for formula, mean of Elastic Poisson Ratio for formula, Formula weight for formula, mean of 

Elemental atomic volume for formula, Minimum weight fraction for formula, Maximum radius difference 

for formula, mean of Shear Modulus Melting Temp Product for formula, Maximum radius ratio for formula 

and mean of Elemental density for formula. 
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Maximum electronegativity difference, mean of Radius of s orbitals, mean of Packing density, mean of 

Miracle Ratio, mean of Elemental work function, mean of Ionization Affinity Ratio, Minimum atomic 

fraction, mean of DFT volume ratio, and mean of Mendeleev number for formula also has percentage 

performance contribution of 1%. 

Mean of Radius of p orbitals mean of Trouton's Ratio, mean of Conduction ionization energy, Number of 

elements, Non-dimensional liquid range, mean of Total number of unfilled valence electrons and maximum 

atomic fraction for formula have no contribution to the model performance.  

Root mean squared error (RMSE) for model testing on the training dataset was 0.0907 as against 0.0 

expected for a perfect model while the Standard Error in the estimate of RMSE was 0.0135 where a perfect 

estimator should have a Standard Error value of 0.0.  Uncertainty calibration which is defined as the 

fraction of actual values within the prediction error bars was recorded to be 0.662 while a perfectly 

calibrated uncertainty is 0.68. Percentage error in calibration uncertainty was computed as 2.6%.  

For uncertainty calibration, the root mean square of standardized errors (RMSSE) was 1.45 while the 

expected was 1.0 for a perfectly calibrated. Fig. 5 shows the Model Performance for Actual and Predicted 

thermoelectric figure of merit while Fig. 6 shows the Probability Density Distribution of Standard residuals 

for ideal and actual values. Fig 7 shows the T-distributed Stochastic Neighbor Embedding (t-SNE) 

distribution for the training dataset. T-SNE is a nonlinear dimensionality reduction method and a machine 

learning algorithm for visualization (Van Der Maaten & Hinton, 2008).  

 

Fig. 2: Distribution of thermoelectric figure of merit for Training Dataset 
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Fig. 3: Pearson Correlation for Model’s Performance 

 

Fig. 4: Distance Correlation for Model’s Performance 

 

Fig. 5: Model Performance for Actual and Predicted 
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Fig. 6: Probability Density Distribution of Standards  

 

 

Fig. 7: The t-SNE projection 

 

3.2 Predicted Thermoelectric Figure of Merit 

Fig 8 and fig. 9 shows predicted thermoelectric figure of merit for various inorganic compound at 300K. 

Thermoelectric figure of merits predicted and their tolerance for Half Heusler alloys as well as their 

probability distribution are shown in fig 8. Half Heusler HfNiX (X=As, Ga, Ge, Pb, Si, Sn) alloys were 

explored using the machine learning model and the predicted thermoelectric figure of merits for each strand 

of the alloys are presented in table 2. HfNiPb and HfNiGe have approximately the highest predicted 
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thermoelectric figure of merit of 0.24 while HfNiSi has the lowest value of 0.09. Bismuth base compounds 

predicted are also shown in table 1, Bi2Te3 has the highest predicted thermoelectric figure of merit value of 

0.65+ 0.28, closely followed by 0.52 + 0.31 for Bi1.9Sb0.1Te3. Predicted thermoelectric figure of merit for 

ZrRuTe was 0.11 at 300K which compares well with the 0.13 measured by Keshri & Medhi (2020). For 

ScNiSb we predicted a 0.08 while 0.1 was measured by experimentalist (Synoradzki et al., 2019). It may 

be possible to predict higher thermoelectric figure of merit at higher temperature for thermometric 

materials. Probability distribution for the predicted thermoelectric figure of merit for Half Heusler HfNiX 

(X=As, Ga, Ge, Pb, Si, Sn) alloys are shown in fig. 8 while that of Bismuth based compounds are shown 

in fig 9.  Fig. 10 shows the predicted thermoelectric figure of merit for other compounds and their 

probability distribution.         

Table 1: Predicted Thermoelectric Figure of Merit 

Compound Predicted 

Figure of Merit @ 

300K 

Other Works 

Figure of Merit References 

ZrRuTe 

p-doped ZrRuTe 

0.11 

- 

0.13 @ 800K 

0.2 @ 800K 

(Keshri & Medhi, 2020) 

ScNiSb 0.08 0.1 @ 810K (Synoradzki et al., 2019) 

HfNiAs 0.22 - - 

HfNiGa 0.23 - - 

HfNiGe 0.24 - - 

HfNiPb 0.24 - - 

HfNiSi 0.09 - - 

HfNiSn 0.22 - - 

Bi1.5Sb0.5Te3 0.47   

Bi1.5Sb0.5Te3 (multilayered 

Thin film)  

- 1.28 Tan et al., 2013) 

Bi1.5Sb0.5Te3 (nanopillar) - 1.61 (Tan et al., 2018) 

Bi1.8Sb0.2Te3 0.47 - - 

Bi1.9Sb0.1Te3 0.52 - - 

Bi2Se3 0.21 - - 

Bi2Te2Se 0.36 - - 

Bi2Te3 0.65 - - 

BiTe3 0.42 - - 

BaBiTe3 0.45 - - 

Cs2Te3 0.16 - - 

SbTe3 0.42 - - 

AsTe3 0.43 - - 

Cu2ZnSnSe4 0.21 - - 
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Fig 8: Predicted Thermoelectric figure of merit for 6 Husler Alloys   
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Fig 9: Predicted Thermoelectric figure of merit for Bismuth base Compounds   
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Fig 10: Predicted Thermoelectric figure of merit for Other Compounds   
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4.0 Conclusion 

Machine learning model has been developed using python and citrination Artificial intelligent material 

platform. The model was trained using experimental dataset of thermoelectric figure of merit calculated at 

300K for various inorganic compounds. The model accuracies, performance and validation were reported 

and discussed. The model was applied to predict thermoelectric figure of merit for several inorganic 

compounds. The probability density for predicted compound were presented and discussed. The predicted 

results for known thermoelectric figure of merits compares favourably with experimental results.. The 

model is available online on the citrination platform as UCSB@300K-DataView for predicting 

thermoelectric figure of merit for unknown inorganic compounds. 
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