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A B S T R A C T

The thermal process parameters are crucial in metal-sulfides ceramics as they affect significantly the resulting 
physico-chemical properties. In the present work, we investigated the sintering effect in the kesterite 
Cu2.125Zn0.875SnS4 on its structural, microstructural, and thermoelectric (TE) properties to highlight the non- 
negligible contribution of the thermal process often ignored in metal-sulfide ceramics. For this purpose, we 
developed an approach combining data science with the conventional material experiment/theory approach 
which can be used as a tool to shortcut the time-consuming steps of TE material optimization. We confirmed that 
the optimization and control of the densification process is critical in unravelling the highest potential on metal 
sulfide TE ceramics with a non-negligible increase of its zT up to 60 %. We propose a scientific tool, the synergic 
combination of active machine learning with conventional chemistry/theory approaches, to either identify the 
most proficient sintering process as well as the process to avoid the degradation of the metal-sulfide ceramic 
properties and thus in a shorten number of experiments. This approach can be extended not only to other metal- 
sulfide ceramics for thermoelectricity but also to other research fields.

1. Introduction

In the present 21st century, human development faces multiple 
major challenges that need to be overcome to complete the construction 
of society 5.0 [1]. Within those challenges, the development of energy 
saving, or alternative sustainable energy source technology is at the 
center of an extensive research area.

Thermoelectric (TE) power generation constitutes one of the 
attractive technological solutions which can reduce energy loss by 
partially recovering the massive waste heat emitted by the current so
ciety (transport, industry, housing) and converting it to electrical power 
for contributing to a sustainable future [2,3]. The dimensionless figure 
of merit zT = PFTκ− 1 = S2σTκ− 1 (PF, power factor; T, absolute temper
ature; S, Seebeck coefficient; σ, electrical conductivity; κ, thermal con
ductivity) can conveniently quantify the TE conversion efficiency of a 
material. Numerous materials have been reported with zT values around 

or above the unity in the intermediate temperature range (300 – 800 K). 
Among them, we can find Bi2Te3 [4,5], a constituent of most of the 
current commercial TE modules, but also the PbTe [6,7], and 
Mg3Sb2-based compounds [8,9]. However, the main drawbacks limiting 
their development at an industrial scale lie in the costly, scarce, and/or 
toxic elements which compose those materials. As alternative materials, 
the oxide and sulfide compounds have attracted some interest in the 
field due to their cheap and/or eco-friendlier compositions suitable for 
the sustainability requirement [10]. Among these families, the oxides 
are represented by ZnO [11,12], or calcium cobaltite Ca3Co4O9 [13,14] 
that are attractive for their high stability in the high-temperature range 
(T > 800 K) but which still have weak performance in the 
mid-temperature (300 – 800 K). Sulfide based ceramics are attractive in 
the regard. Indeed, a few natural Cu-based sulfides minerals exhibit 
outstanding performance such as the binary Cu2-xS [15–17], the tetra
hedrite Cu12-xTrxSb4S13 (Tr = Mn, Fe, Co, Ni, Zn) [18–20] and also the 
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recent colusites Cu26T2M6S32 (T = V, Nb, Ta, Cr, Mo, W, Ti, M = Ge, Sn, 
Sb) [21–24], which all reached or exceeded the zT value of 1. This drove, 
during the last decade, extensive investigation on other multi-cationic 
Cu-based sulfides such as bornites Cu5FeS4 [25,26], chalcopyrites 
CuFeS2 [27–30], Cu-based thiospinels [31–34], or kesterite-stannite 
type and derivates Cu2TrMsS4 (Tr = Fe, Co, Ni, Zn, Ms = Ge, Sn) 
[35–40].

The kesterite type Cu2ZnSn(S,Se)4 is already known and reported as 
one of the attractive new generations of high-performance photovoltaic 
materials for solar cell applications, thanks to its appropriate bandgap 
(1–1.5 eV) with high light absorption coefficients and thermodynami
cally stable adamantine structure [41]. However, it has been poorly 
investigated for TE applications due to its intrinsic semi-conducting 
character. Interestingly, kesterite shows a phase transition around T ≈
500 K from ordered to a cationic disordered structure (cf. 3.3.) [42]. The 
phase transition has a significant effect on the TE properties of the 
material unravelling its potential for the field, especially through the 
realization of a zT = 1.6 at 800 K on a single crystal sample. [36,40,43] 
Nevertheless, polycrystalline samples represent a significant challenge 
due to the high sensitivity of the synthesis and densification process 
susceptible to influence the final bulk kesterite structure and properties 
and explain the discrepancies in the current reports as for example 
observed between the report of Isotta et al. and the Jiang et al. which 
show a different trend in their respective TE properties [35,39,43]. It 
appears therefore that the process control can be a key factor obtaining 
of the ideal single crystal performance. Unfortunately, such studies are 
rarely engaged and reported as it is time and resource consuming. For 
such purposes, the field of machine learning provides novel tools suit
able to perform process optimization [44,45]. On the first hand, it can 
reduce the number of experiments required to find the ideal set of 
process parameters that improve TE properties and, on the second hand, 
propose statistical relationships between the process parameters and the 
targeted physical properties. Notably, the latter advantage supports the 
establishment of dependencies which could appear pertinent to the 
understanding of a physicochemical system like in the present study. To 
this end, the active learning pipeline is a general framework that com
prises: a “learning” step based on past experiments and during which a 
statistical modelization of a system {process parameters, targeted 
properties} is attempted by using experimental data to train a machine 
learning model that capture relationships between parameters and 
properties; And an “active” step in which a set of experimental actions, 
derived from the learned model of the system, are performed and are 
supposed to bring the system closer to an objective. Bayesian optimi
zation leverages this model-building to guide the choice of parameter 
sets. Multiple learning-acting cycles constitute an active learning pipe
line. A trial-and-error approach can be viewed as following an active 
learning scheme if, at each cycle, it includes both an update of theo
retical/empirical knowledge and informed forward actions that modify 
the experimental design to meet an objective. However, systematically, 
and cyclically updating knowledge and actions can be challenging, 
especially when the objective has a nonlinear relationship with many 
experimental parameters. In this sense, an active learning pipeline 
assisted by machine learning and Bayesian optimization (ALMLBO) 
pipeline offers the possibility to optimize salient input features among 5 
experimentally tunable process parameters for achieving high zT in 
kesterite with composition Cu2.125Zn0.875SnS4. Here, we report a high zT 
= 0.44 at 775 K with high purity precursors after just 4 cycles of 
ALMLBO. It is crucial to emphasize that ALMLBO is here not intended as 
a standalone predictor, but rather as a guide for experimental design. 
This approach efficiently explores the vast parameter space of sintering 
conditions, identifying promising directions for experimentation that 
might be overlooked by traditional methods. This is particularly valu
able in complex material systems where the relationships between 
processing parameters and properties are not always straightforward.

Herein, we focused on the investigation of process influence on the 
kesterite, commonly named CZTS, with formulation Cu2.125Zn0.875SnS4 

by using an ALMLBO approach [46] to obtain enhanced TE properties 
and highlight an ideal set of process parameters for this compound. 
Based on preliminary investigation and literature screening, the 
composition Cu2.125Zn0.875SnS4 has been selected to obtain initial 
reasonable TE properties, especially electronic transport properties. To 
limit the number of free parameters and possibly learn on the influence 
of the densification process through the lens of ALMLBO, the synthesis 
method has been limited to the mechanical alloying (MA) process. 
Indeed, the MA synthesis is commonly used to produce sulfide powder 
thanks to its intrinsic advantages. In comparison to the commercial 
powder and/or conventional sealed tube synthesis, the crystallinity of 
the MA powder is usually reduced, though the composition is more 
stoichiometric and homogeneous with lower grain size and narrower 
particle distribution (< 1 μm). These features can allow decreasing the 
sintering temperature/sintering time to have better control of the 
possible induced off-stoichiometry which can occur and therefore relate 
more accurately to the influence of the densification. Besides, the MA is 
attractive due to the high reproducibility and the possibility of large 
batch production particularly adapted for process investigation. The 
samples have been structurally and microstructurally characterized as 
well as their TE properties from 300 to 775 K. The experimental results 
were rationalized with ab initio calculations to sustain the experimental 
observation/interpretation.

2. Methods

2.1. Samples preparation

The samples of Cu2.125Zn0.875SnS4 were prepared by mechanical 
alloying process before being consolidated by Spark Plasma Sintering 
(SPS). The raw powders were synthesized by mixing 5 g of the stoi
chiometric ratio of the elemental Copper (3Nup, powder, 75 μm pass), 
Zinc (99.9 %, powder, 75 – 150 μm), Tin (99.8 %, powder, < 45 μm) and 
Sulfur (≥ 99.99 %, Flake) in a SPEX stainless steel grinding vial filled 
with two 10 mmØ and four 5 mmØ stainless steel ball during 3 h in a 
SPEX 8000D mixer/mill. The resulting powder were sintered (SPS-1080 
– SPS Syntex Inc.) in a 10 mm diameter graphite dies and a partial 
vacuum atmosphere following variable sintering parameters according 
to the ALMLBO optimization (cf. ALMLBO part). The archetype sintering 
cycles presented in the article (cf. 3.2.) correspond to the following 
parameters Θ = {HR, SintT, Stept, CR, UP}: Reference (HR: 50 K/min, 
SintT: 773 K, Stept: 15 min; CR: 50 K/min, UP: 50 MPa); Degrading 
Process: (HR: 25 K/min, SintT: 1073 K, Stept: 45 min; CR: 75 K/min, UP: 
40 MPa), and MLProcess (HR: 150 K/min, SintT: 673 K, Stept: 45 min; 
CR: 75 K/min, UP: 40 MPa). The sintered pellets were then polished and 
cut to the required shapes and dimensions for the property’s measure
ments. The optimized sample after ALMLBO were reproduced with high 
purity Copper (3Nup, powder, 75 μm pass), Zinc / Sulfur (4 N, powder, 
75 μm pass) and Sn (4 N, powder, 63 μm pass) from Kojundo company 
and new SPEX hardened steel grinding vial with same ball contents than 
previously described to probe the possible influence of chemical’s purity 
and jar contamination (Sample MLP+HPC). The samples were repro
duced on a second SPS (Dr. Sinter Lab Jr. series 322Lx, Fuji Electronic 
Industrial Co., LTD.) to probe the reproducibility. To clarify the text of 
the manuscript and ensure ease of understanding, we have labeled the 
samples in both the manuscript and the figures as follows: the reference 
sample is labeled as "Reference"; the sample related to the machine 
learning process is labeled as "MLProcess"; the sample associated with 
the machine learning process that uses a high purity chemical is labeled 
as "MLProcess+HPC"; and the sample undergoing a degrading process is 
labeled as "DP."

2.2. Characterizations

The phase purity and crystal structure were characterized by X-ray 
diffraction (XRD) with the prescriptive θ–2θ Bragg-Brentano 
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diffractometer over an angle of 10◦–140◦ (Smart Lab3 Rigaku Corpo
ration) with a step size of 0.02◦ and a step time of 2◦/min. X-ray powder 
diffraction patterns were refined by Rietveld analysis using the FullProf 
and WinPLOTR software packages [47,48]. The shape of the diffraction 
peaks was modeled using a Thompson–Cox–Hastings pseudo-Voigt 
profile function [49]. Zero-point shift, asymmetry parameters and lat
tice parameters were systematically refined, and the background 
contribution was manually estimated and corrected.

Observations of a fractured cross-section of densified pellets by 
scanning electron microscopy (SEM) were performed using a Hitachi SU- 
8230 and the component analysis was proceeded by energy dispersive 
spectroscopy (EDS) on mirror polished surface with a Hitachi TM3000 
Tabletop SEM.

The carrier concentration and mobility were obtained from Hall Ef
fect measurements in AC transport by using a PPMS (Quantum design) 
from − 5 to +5 T.

The electrical conductivity (σ) and Seebeck coefficient (S) were 
simultaneously measured by the four-probe method from 300 K up to 
725 K using a ZEM-2 (ULVAC Advance-Riko) device under partial he
lium pressure.

The temperature-dependent thermal diffusivity, α, was measured 
using the laser flash diffusivity method in LFA-467 Hyperflash (Netzsch) 
on graphite coated disk-shaped samples of 10 mm diameter and ~2 mm 
thickness. The temperature-dependent heat capacity, Cp, was deter
mined by DSC methods using a sapphire standard reference. The total 
thermal conductivity was calculated using the formula, κ = α × Cp × ρ, 
where ρ is the density of the sample (measured using Archimedes’ 
principle). In some cases, to better understand the thermal transport 
properties, the contributions from electronic and lattice parts were 
calculated. The lattice thermal conductivity (κlatt) was estimated from κ 
by subtracting the electronic contribution (κe) via the Wiedemann-Franz 
law, as in the following equation, 

κe = LσT (1) 

where κe is the electronic thermal conductivity, and L is the Lorenz 
number.

The uncertainty in the results for the values of the Seebeck is 6 %, 
electrical resistivity 8 %, power factor 11.2 %, thermal conductivity 10 
%, and for the overall zT was 17.5 % according to a reference round 
robin test [50].

2.3. Computational method

The DFT calculations were performed using Quantum ESPRESSO 
(QE) [51,52] package with projector augmented wave pseudopotentials 
[53]. The generalized gradient approximation functional with 
Perdew-Burke-Ernzerhof parametrization (GGA-PBE) [54] was chosen 
for the exchange and correlation potentials. We applied the Hubbard U 
correction to the strongly correlated Cu 3d, Zn 3d, and Sn 4d orbitals. 
We chose Ueff (= U – V) values as 5.2 eV for Cu, and 6.5 eV for Zn, as it 
reproduces the experimental lattice accurately (Table S1). Spin-orbit 
coupling was not considered in the present study. The conventional 
unit cell with tetragonal lattice containing 16 atoms was fully relaxed 
until the residual forces became less than 10− 6 eV Å− 1. The cutoff energy 
of 130 Ry for the plane wave basis and 8 × 8 × 4 k-grid were used for the 
structure relaxation.

To extract the second and third order interatomic force constants 
(IFCs), we used finite difference method with 4 × 4 × 2 and 2 × 2 × 1 
supercells based on the fully relaxed conventional cell to create 
displacement-force datasets. The magnitude of atomic displacements 
was set at 0.01 Å and 0.04 Å for calculating the second and third order 
IFCs, respectively. For the third order IFCs calculation, we chose the 
cutoff radius as 5.44 Å for choosing triplets within which interaction is 
considered. The IFCs were obtained using ALAMODE [55]. The phonon 
dispersion relation and DOS were calculated from the second order IFC 

(cf. 3.4.). Dielectric constant and Born effective charge were calculated 
in the perturbation framework implemented in the QE package for 
correcting phonon frequencies considering long-range interaction. 
ALAMODE code is also used to calculate the lattice thermal conductivity 
by solving the phonon Boltzmann transport equation within the single 
mode relaxation time approximation. The sampling grid of 18 × 18 × 18 
was applied after confirming convergence of the calculated lattice 
thermal conductivity with respect to the grid density.

3. Results and discussion

3.1. Active learning pipeline assisted by machine learning and Bayesian 
optimization (ALMLBO)

First, a synthesis protocol is established (cf. experimental part) for 
building an initial dataset composed of the measurable TE properties Π 
= {S, ρ (=1/σ), κtot}, summarized to the zT = S2ρ− 1Tκtot

− 1, and tunable 
sintering process parameters Θ = {HR, SintT, Stept, CR, UP} of kesterite 
samples, where: HR and CR are the heating and cooling rates (K/min), 
respectively; SintT and Stept are the sintering temperature (K) and step 
time (min), respectively; UP is the uniaxial pressure (MPa).

The ALMLBO pipeline was kickstarted with only n = 11 samples {Θi, 
Πi | i = 1,…,11}, initially selected on a trial-and-error basis to obtain 
single-phase kesterite samples with satisfactory TE properties Π, each Πi 
being identified as a set of average values {S, ρ, κtot} measured from the 
same parent sample of kesterite. Each tunable Spark Plasma Sintering 
(SPS) process parameter θi ∈ Θi, issued from all possible Θ, was 
restricted to vary within a domain di within a resolution δdi, both chosen 
to be experimentally feasible, as summarized in Table 1. At this stage, N 
= 36,608 combinations of Θi were experimentally possible such that N 
=
∏

i {[(max_di - min_di) / δdi]+1}, where 
∏

i is a product across i tunable 
process parameters, max_di and min_di are the maximum and minimum 
values, respectively, of a domain di.

Then, the ALMLBO pipeline serves as a bridge between theory and 
experiment, enabling rapid iteration and knowledge discovery. By sug
gesting optimal parameters for each experimental cycle, it accelerates 
the optimization process and allows for a more thorough exploration of 
the material’s potential within practical constraints. A cycle of the 
ALMLBO pipeline, summarized in Fig. 1a), is conducted as follows: i) a 
set εRF of an ensemble of nRF Random Forests (RF) regressors [56], with 
nRF = n available experimental samples and default hyper-parameters of 
the RF models assigned as in Pedregosa et al. [58], are trained to predict 
zTi derived from measured Πi, following a leave-one-out cross-
validation (LOO–CV) scheme [57], and using a mean-squared-error as 
the loss function to be minimized during training. RF regressors have 
been preferably chosen among other machine learning models, like 
ElasticNet, XGBoost, and LightGBM, for their performance following a 
preliminary study. Overall, a reasonable average 
root-mean-square-error (RMSE) ~ 0.04 ± 0.03 on the zT is achieved 
after the 4th cycle of ALMLBO. A visualization of the evolution of the RF 
models performance following a LOO–CV scheme can be found in 
Fig. S1 of the supplementary materials. Overall, the prediction 

Table 1 
List of tunable process parameters θi ∈ Θi, issued from Θ = {HR, SintT, Stept, CR, 
UP}, with their accessible domain di and resolution δdi chosen for the densifi
cation phase via SPS of the kesterite Cu2.125Zn0.875SnS4. HR and CR are the 
heating and cooling rates (K/min), respectively; SintT and Stept are the sintering 
temperature (K) and step time (min), respectively; UP is the uniaxial pressure 
(MPa).

Process parameter θi Domain di Resolution δdi

HR [25, 200] K/min 25 K/min
SintT [573, 1073] K 50 K
Stept [0, 60] min 5 min
CR [25, 200] K/min 25 K/min
UP [40, 80] MPa 10 MPa

C. Bourgès et al.                                                                                                                                                                                                                                 Acta Materialia 281 (2024) 120342 

3 



performance on zT are mainly degraded by the poorer prediction on ρ 
and κtot. In comparison, the prediction on S are more accurate revealing 
closer non-linear relations to the SPS process parameter than ρ and κtot 
for which predictions models remain to be improved. It is worthy to 
notice that ρ and κtot are parameters which are not only intrinsic to the 
material crystal structure but also affect by extrinsic parameter such as 
the density or the microstructure of the ceramic compared to the S. Its 
can be one of the explanations regarding the difficulty of prediction 
which can be improved. For a detailed visualization of the individual 
prediction performance on all the properties Π, Fig. S1-S4 in the sup
plementary materials can be examined. Here, all parameters in Θ are 
kept for optimization purposes, and the remaining parameters Θ’∕⊂Θ, i. 
e., related to powder mixing and ball milling, are tuned to their most 
efficient values following our know-how of the present experimental 
setting; ii) A set {Θ, Π}|r of 1000 samples, with Θi∈di (see Table 1) for 
the ith sample, is randomly evaluated through εRF to initialize a 
following Gaussian process regressor at step iii), and relax from any 
experimental biases and/or local optima that would have occurred 
during the preparation of the dataset issued from a previous cycle; iii) A 
Gaussian process is trained on {Θ, Π}|r that serves as a surrogate 
function fs to exploit and explore the space of Θ parameters; (iv) A set Θ* 
of 50 samples that maximizes the expected improvement [56], chosen as 
acquisition function, is proposed for experimental feedback. Steps ii)-iii) 
represent the Bayesian optimization (BO) part in the ALMLBO pipeline 
here; iv) A set Θ* of 6–7 samples are chosen for experimental feasibility, 
are experimentally evaluated, and corresponding Π* properties are re
ported. If Π* are judged high enough, and Θ* become stable after an nth 

ALMLBO cycle, the ALMLBO pipeline is stopped. Otherwise, another 
cycle i)-iv) is started by adding newly acquired experimental data to the 
whole dataset. Fig. 1b) shows the evolution of predicted zT values over 4 
ALMLBO cycles (blue, purple, red, and green squares, respectively) in 
comparison to their experimentally observed counterparts for evaluated 
samples Θ* following the BO step. Indeed, Fig. 1b.) illustrates the pre
diction performance of the set εRF of trained RF models on 
out-of-distribution data, i.e., with yet unseen sets of SPS process pa
rameters Θ. It can be observed that the ALMLBO pipeline passes by 
successive steps of exploration and exploitation. The ensemble of pre
dictors εRF occurs to be in a saturation regime for the 1st and 3rd 
ALMLBO cycles, a regime during which predictions on zT are mostly 
high but equals, illustrating the impossibility for RF models to predict zT 
values from unseen Θ higher than already measured zT present in the 
dataset used for training, checking the boundaries of yet unexplored Θ 
space. Then, εRF gets into an exploitation regime in the 2nd and 4th 
ALMLBO cycles, where predicted zT values are statistically consistent 

with measured counterparts, as mainly illustrated by the cover of 
experimental uncertainties.

Fig. 2a) shows the evolution of the Θ features importance [57] in 
predicting zT with εRF across the different cycles of ALMLBO, i.e., from 
the initial dataset (Init.) to a dataset containing all the data acquired 
after 4 ALMLBO cycles (Init. w. 1–4 cycles). Overall, the SinT quickly 
occurs to be a salient parameter influencing zT with a quick decrease in 
UP importance from the 1st ALMLBO cycle. This last statement on UP 
importance illustrates the appearance of spurious statistical correlations 
that may occur when other influencing Θ parameters are initially fixed, 
like Stept, or a regime where zT barely varies, like with CR, or where the 
effect of two Θ features cancels out each other, like HR and SinT, in the 
initial data. Nevertheless, apparent spurious statistical correlations 
quickly vanish from the 1st ALMLBO where the SPS process parameter 
SinT becomes dominant, the following ALMLBO cycles confirming the 
importance of SinT in primarily affecting zT. This Θ feature importance 
is confirmed across the whole set of Π properties as illustrated in Fig. S5 
in the supplementary materials, the SPS process parameters {Stept, HR, 
UP, CR}, here listed in the decreasing order of their average importance 
on zT predictions, sharing the remaining individual effects on zT. To 
even further validate the importance of the Θ features and ensure they 
are truly informative rather than relying on spurious correlations, we 
conducted additional permutation importance tests [60,61]. This tech
nique randomly shuffles each feature and measures the decrease in the 
RF models’ performance, providing a robust measure of feature impor
tance that is independent of the RF models’ internal mechanism. 
Fig. S5-bis in the supplementary materials shows the permutation 
importance for each feature. Notably, the consistency between these 
permutation importances and feature importances in Fig. S5 further 
validates the robustness of our consequent feature interpretation above 
and the reliability of our ALMLBO’s decision-making process. Fig. 2b) 
illustrates the partial dependence [59] of zT on SinT from 550 to 1100 K. 
A SinT = 673 K, where zT = 0.36@675 K (0.40 with high purity 
chemicals, see below) is maximised during the 3rd ALMLBO, shows to be 
optimal in returning high, relatively stable zT values for the kesterite 
Cu2.125Zn0.875SnS4 as illustrated by a narrower shaded area surrounding 
the mean (median) value. Values of SinT > 1023 K would also permit an 
increase in zT with, nevertheless a much higher uncertainty. For the 
remaining SPS process parameters {Stept, HR, UP, CR}, Fig. S6 illus
trates the partial dependence of zT as well showing that CR and UP 
barely affect zT in comparison to SinT, as well as Stept except for Stept >
40 mins where a Stept = 45 mins is used for the reported optimal zT =
0.36@675 K, and for HR that tends to increase zT if increased with a 
constant stability along the imposed regime.

Fig. 1. a) Active learning assisted by machine learning and Bayesian optimization (ALMLBO) applied to the optimization of SPS process parameters of the kesterite 
Cu2.125Zn0.875SnS4 for achieving high zT; b) Comparison between predicted (Random Forests regression [56]) and average zT observed after a 1st, 2nd, 3rd, and 4th 
ALMLBO cycle (blue, purple, red, and green squares, respectively) with vertical and horizontal error bars representing a standard deviation related to a leave-one-out 
[57] cross-validation, and computed from m = 1–2 experimental measurements and the systematic uncertainty of ~17.5 % [50], respectively (the dashed line shows 
a perfect prediction for the purpose of visual guidance only).
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Fig. 3 shows the evolution of the measured zT mean values for the 
kesterite Cu2.125Zn0.875SnS4 before (Init.), during (1rd-4th cycles), and 
after ALMLBO (Reproducibly Check). The initial (pre-ALMLBO), 1st, 
2nd, 3rd, and 4th cycle data are depicted by gray, blue, purple, red, and 
green squares, respectively. The three remaining white squares denote a 
reproducibility study with high-purity chemicals performed a posteriori 
of the ALMLBO pipeline. Two dashed red lines illustrate the samples 
with the highest reported zT mean values in this study, i.e., zT = 0.36, 
0.40@675 K. A quadratic summation of the statistical and systematic 
uncertainties on the zT is fixed at ~17.5 % [50]. Before using an 
ALMLBO, zT mean values remain in a common and stable domain [0.25, 
0.30] that initially seems to be difficult to overcome. Nevertheless, from 
the 1st cycle of the ALMLBO pipeline, experimental zT mean values at 
675 K get diverse, spanning from 0.19 to 0.35, expanding by more than a 
factor 3 the range of expected zT. Passing by two exploration (1st, 3rd 
cycles) and two exploitation (2nd, 4th cycles) stages, the ALMLBO 
pipeline reaches an improved zT = 0.36@675 K (pre-reproducibility 
study) with only 15 more experimental samples, allowing a very effi
cient improvement of the thermoelectric performance of the kesterite 
Cu2.125Zn0.875SnS4 by checking only ~0.07 % of all the experimentally 
possible 36,608 combinations of SPS process parameters Θ. Notably, the 
ALMLBO approach identified optimal processing parameters that were 
not immediately obvious from initial experiments or conventional wis
dom. For instance, the combination of high heating rate (≥ 150 K/min) 
and low sintering temperature (< 773 K) led to improved zT, a coun
terintuitive result that might have been missed in a traditional 

parameter sweep. Therefore, while the predictions of the ALMLBO 
approach are valuable, its primary strength lies in guiding the experi
mental process. The 60 % improvement in zT achieved through this 
method demonstrates its efficacy in navigating complex parameter 
spaces, even with limited initial data. Fig. S7 illustrates the evolution of 
S, ρ, κtot as well. Additionally, Fig. S8 shows the evolution of SPS process 
parameters Θ along the ALMLBO pipeline development, where a 
regimen of stability has been established for all of Θ parameters. Indeed, 
once sample 26 is evaluated with the highest observed zT mean, a 
plateau for the heating rate, sintering temperature, cooling rate, and 
uniaxial pressure is clearly reached. The remaining erratic behavior for 
the step time may reveal its poor relationship to other Θ parameters 
conjugated effects at affecting zT. The reach of this plateau for most of Θ 
parameters during the ALMLBO pipeline is an indicator that a local, 
potentially global, optima is reached and the ALMLBO process can be 
stopped.

3.2. Sintering process archetype

As the result of the ALMLBO, we can define three archetypes of 
process parameters (Fig. 4) which induce a significant improvement, or 
degradation, of the kesterite zT in the temperature range compared to a 
reference sample (cf. Experimental procedures part). During the 
ALMLBO step, the heating and cooling rate, temperature, step time, and 
uniaxial load have been investigated leading to the following conclu
sions: i) in the parameters ranges currently studied, the sintering process 

Fig. 2. a) Distribution of average features importance [57] for the SPS process parameters θ regarding the prediction of the figure-of-merit, zT, based on the 
pre-ALMLBO initial data (gray squares) extended with data from the 1st, 2nd, 3rd, and 4th ALMLBO cycles (blue, purple, red, and green squares, respectively). Mean 
values and error bars are provided according to the leave-one-out [57] cross-validation used for Random Forests [56] models training. HR and CR are the heating and 
cooling rates (K/min), respectively; SinT and Stept are the sintering temperature (K) and step time (min), respectively; UP is the uniaxial pressure (MPa); b) Partial 
dependence [59] of the figure-of-merit, zT, on the sintering temperature, SinT, from 550 to 1100 K evaluated from the whole dataset, i.e., from the initial data to the 
4th ALMLBO cycle included.

Fig. 3. Evolution of the measured zT mean values at 675 K of the kesterite Cu2.125Zn0.875SnS4 along the ALMLBO pipeline development. The initial (pre-ALMLBO), 
1st, 2nd, 3rd, and 4th cycle data are depicted by gray, blue, purple, red, and green squares, respectively. The three white squares denote a reproducibility study 
performed with high-purity chemicals a posteriori of the ALMLBO pipeline. Two dashed red lines illustrate the samples with the highest reported zT values in this 
study, i.e., zT = 0.36, 0.40. Error bars denote the joint statistical and systematic uncertainties on the zT at ~17.5 % [50].
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is mostly non-reactive as attested by the characteristic displacements 
curves showing homogenous sintering (Fig. 4), ii) high heating rate (≥
150 K/min), low sintering temperature (< 773 K), low uniaxial load (<
50 MPa) combined with long step time (> 40 min) are favorable to 
obtain stable and improve zT kesterite (ex. MLP), iii) high sintering 
temperature (> 873 K) and high uniaxial load (≥ 60 MPa) degraded the 
performance and/or the stability of the kesterite. For this latter one, the 
low heating rate (< 100 K/min) and long step time (> 30 min) are 
susceptible to exacerbate the degradation as well as even induce a 

metastable character of the final kesterite ceramic (ex. DP). As a sign of 
this degradation, we can observe on the displacement curve of the DP 
sample that from T = 873 K a second sintering shoulder is observable 
during the heating as well as an anomalous dilation of the sample during 
the step time at high temperature is visible by comparison with the Ref 
or MLP samples wherein no anomalous behaviors are observed.

Fig. 4. Representative archetype of SPS process and displacement parameters for Reference, MLProcess and Degrading Process.

Fig. 5. X-ray diffraction patterns of the CZTS SPSed samples.
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3.3. Structural and microstructural analysis

All the different processes led systematically to the formation of the 
single-ordered phase kesterite (Space group I4 (n◦ 82), a ≈ 5.42 Å, c ≈
10.83 Å) as evidenced by the room temperature X-ray powder diffrac
tion (XRPD) pattern displayed in Fig. 5. As the crystal structure of the 
ordered (I4) and disordered (I42m) kesterite are too similar (Fig. S9), 
the XRPD cannot distinguish the two structures and no conclusion can be 
withdrawn regarding the possible presence of residual disordered phase 
induced by the process, however, the ordered structure is the stable form 
at room temperature of the kesterite [42]. Therefore, the ordered 
structure has been considered in the Rietveld refinement and we 
confirmed the phase formation from the low-reliability factor (Table 2
and Table S2).

The Rietveld refinement revealed a variation in the RBragg (intensity- 
based R-Factors) and RF (unweighted single-crystal R-factor) [62] factor 
in the DP sample attesting to some slight structural divergence of this 
sample compared to the other. It is expected that the DP sample might 
accumulate structural defects such as a variation of the cationic occu
pancy or the formation of vacancy due to the long process at high 
temperature which will affect the average crystal arrangement and 
therefore will lead to lower reliability factors. Besides, the process does 
not significantly affect the structural lattice parameters which support a 
non-variation of the chemical composition. However, thoughtful anal
ysis of the pattern can reveal that the peak broadening is larger in the ML 
samples (Fig. 5-right). The peak full width at half maximum (FWHM) 
has been estimated on the three major reflections (112), (220), and 
(132) and evidence the significant increase of the peak broadening 
(Table 2). In X-ray diffraction, the peak broadening is related to the 
residual strain (amorphization) within the structure or submicronic 
crystallite sizes according to the Scherrer equation [63]. In our current 
study, the conventional and non-reactive process (cf. sintering process 
archetype) make unlikely the strain formation within our material 
structure and supported a nano-scale size of the crystallite which has 
been confirmed by the SEM imaging (Fig. 6).

It is well known that mechanical alloying (MA) produces fine powder 
with a sub-micron particle size which has been confirmed in this present 
study (Fig. S10). The XRPD confirmed that the powder is crystallized, 
and the main diffraction peak agrees with the kesterite structure 
(Fig. S10a)). The raw powder is composed of an agglomeration of 
nanoparticles (Fig. S10.b)) with an estimated size of the elementary 
particle clearly below 100 nm with an angular high sphericity shape 
(Fig. S10.c)). The grain sizes and shapes are strongly affected by the 
sintering procedure as evidenced by the micrograph of the fractured 
surface of the three representative samples (Fig. 6). The MLP sample is 
constituted by significantly reduced grain sizes (<< 1 μm) in compari
son with the reference sample (2 – 8 μm) agreed with the previous XRPD 
observation.

According to the classical grain growth kinetics, the average grain 
size of nanocrystalline materials can be described as [64–67]: 

D − D0 = Kt1/n (2) 

Where D is the mean grain size, D0 is the initial grain size, K is the 
temperature-dependent constant, t is the annealing time and n is the 
grain growth coefficient representing the grain growth behavior. Despite 

the high kinetic (≥ 150 K/min) and long sintering time (≈ 45 min), the 
MLP samples present a quasi-non-grain growth in front of the reference 
which suggests that the grain growth is mainly temperature dependent 
in the kesterite with a temperature of activation above 673 K (MLP 
sample) but below 773 K (Reference sample) and its confirmed sys
tematically (Fig. S11a)). In another way, the DP sample (Tsinter = 1073 
K) displayed in Fig. 6c) present also significantly larger grain size 
compared to the initial raw nanopowder, however, the average grain 
size seems close to the reference sample. This support that the grain 
growth coefficient should be large which implies a extremely fast grain 
growth kinetic for reaching maximum values around Dmax ≈ 10 - 15 μm 
(Fig. S11b)) when the sintering temperature is above the critical acti
vation temperature. This crucial finding enables the possibility to 
nanostructured kesterite material by knowing the preponderant pa
rameters of its grain growth mechanism. Aside from grain sizes, the 
microstructure of the MLP and Ref are comparable and present angular 
spherical grain shapes similar to the initial raw powder sustaining an 
isotropic feature. The DP sample is characterized by an inhomogeneous 
microstructure with some areas composed by well define isotropic grain 
shapes, comparable to the reference (Fig. 6c.3)), and some areas 
composed of fractured microstructure overall severely compromised 
(Fig. 6c.1)2)). This attests to the degrading aspect of the process 
combining high temperature, uniaxial pressure, and step time which 
produce an unstable final ceramic. This affected drastically the transport 
properties (cf. thermoelectric properties part) but also the mechanical 
strength of the bulk which is particularly brittle. Such phenomenon has 
been observed in other multi-cationic Cu-based sulfides wherein slight 
structural variation, such as exsolution or sulfur over-evaporation, to 
cite a few, can conduct to a systematic failure of the microstructure 
coherence and stability [23,24,33,34,68–71]. Indeed, the Hall-Petch 
relation described the yield stress ε scales with the inverse square root 
of grain size δ in polycrystalline materials according to the following 
relation: 

ε = ε0 + k
/ ̅̅̅

δ
√

(3) 

where ε0 and k are chemistry- and microstructure-dependent constants. 
It highlights that a smaller grain size strengthens the yield stress, as well 
as a homogeneous grain distribution, limits the intergranular stress [72]. 
In consequence, the large grain with inhomogeneous sizes distribution 
of the DP sample is auspicious to microstructure failure under me
chanical stress as clearly observed in Fig. 6c).

Interestingly, despite the significant impact of the process on the 
microstructure, the final composition of the kesterite is barely affected 
and remain close to the theoretical nominal composition for all the 
different process according to the SEM-EDS analysis (Table 3). More
over, the distribution of the elements is homogeneous among the sample 
even in the DP sample (Fig. S12).

3.4. Thermoelectric properties

The transport properties of the representative samples are displayed 
in Fig. 7. The |S| are positive confirming the p-type character with 
comparable values independent of the process applied. The monophasic 
and identical crystal structure (Fig. 5) with no significant chemical 
composition variations (Table 3) implies similar carrier concentration 

Table 2 
Rietveld refinement parameter of the X-ray powder diffraction (XRPD) patterns of the CZTS SPSed samples.

Cu2.125Zn0.875SnS4; λκαCu = 1.5406 Å; Space group I4 (n◦ 82) FWHM (◦)

a (Å) c (Å) V(Å3) χ2 RBragg(%) RF(%) (112) (220) (132)

Ref 5.426(1) 10.840(1) 319.11(5) 1.85 3.83 3.81 0.1113 0.1077 0.1084
MLP 5.425(1) 10.835(1) 318.95(5) 2.04 3.47 2.44 0.1176 0.1374 0.1512
MLP+HPC 5.426(1) 10.833(1) 318.97(5) 2.79 5.52 2.94 0.1413 0.1662 0.1849
DP 5.427(1) 10.836(1) 319.19(5) 2.54 6.6 6.28 0.0891 0.0959 0.1011
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and effective mass due to the unchanged band-structure, therefore is 
expected that the Seebeck coefficient will be similar for the same 
nominal composition Cu2.125Zn0.825SnS4 despite the different process. 
This is confirmed through the room temperature Hall effect measure
ment giving a carrier concentration of h = 3.94(±1.50)x1020 cm-3 and 
3.08(±0.90)x1020 cm-3, respectively, for the Ref and MLP samples 
which correspond to a carrier doped CZTS. Besides, the samples have a 
similar temperature dependence of their Seebeck coefficient, with the 
typical increasing trend with the temperature of a semiconductor and 
the characteristic slope change at the (order-disorder) phase transition 
temperature (T ≈ 500 K) also observed in the literature [35,36,39,40,
43]. The phase transition is also observable on the resistivity curve 
which exhibits a drop in value at the transition and shows once more 
that, independently of the process, all samples present a similar tem
perature dependence. The resistivity increases slightly with temperature 
in the fully ordered (T < 425 K) or disorder (T > 475 K) region char
acteristic of a highly doped semiconductor behavior due to the CuZn 
point defects induced by the native off-stoichiometry Cu2+xZn1-xSnS4 
selected. The intrinsic substitution of Zn by Cu implies the formation of 
Cu2+ in order to maintain the formal charge balance and, therefore, 
generate one hole and increase the carrier concentration. As evidence, 
the stoichiometric Cu2ZnSnS4 is reported with a low carrier concentra
tion in the order of h = 1 × 1017 cm-3@300 K by comparison with the 
current off-stoichiometric sample with values 3 orders of magnitude 

larger h ≈ 3–4 × 1020 cm-3@300 K typical of a highly doped semi
conductor [36]. Similarly to the Seebeck coefficient, the resistivity 
values are similar between the reference and the MLP samples despite 
the reduced grain size in the MLP samples indicating that the carrier 
mobility is not significantly reduced by the carrier scattering at the grain 
interface. The TE sulfide-based materials are often reported with low 
carrier mobilities, as in the present case estimated to be μh = 4.85 
cm2/V.s and μh = 4.17 cm2/V.s, respectively, for the reference and MLP 
samples. The holes mobility in this system can be defined simply by: 

μh =
eτc

m∗
hVF

(4) 

Where μh is the hole mobility, e is the elementary charge, τc is the 
mean free path, m∗

h the carrier effective mass, and VF the Fermi velocity. 
Assuming that the hole effective mass is comparable considering the 
similar carrier concentration and Seebeck coefficient, it implies that the 
mean free path of the hole in this system is equivalent and likely far 
smaller than the grain size (τc<< D) considering that it’s not affected by 
the nanostructuring. However, the grain boundaries effect is significant 
in reducing the thermal transport (Fig. 7d). This striking finding attests 
that nanostructuring is the key aspect to reach, with the process in our 
case, to efficiently uncoupling the electrical transport and the thermal 
transport in kesterite. We can notice that the MLP+HPC sample presents 
a discrepancy, especially in the room temperature range (Fig. 7b)), with 

Fig. 6. Scanning electron microscopy (SEM) images of a) reference and b) MLProcess c) Degrading process (where 1), 2) and 3) are different areas) of the CZTS- 
SPSed samples.

Table 3 
Composition analysis by SEM-EDS of the CZTS SPSed samples.

EDS analysis- Elemental atomic percent

Cu Zn Sn S

(at.%) stdev (at.%) stdev (at.%) stdev (at.%) stdev

Nominal 26.56 – 10.94 – 12.50 – 50.00 –
Reference 27.81 0.84 11.85 0.59 12.61 0.53 47.73 0.97
MLP/MLP+HPC 28.32 0.56 11.42 0.33 12.80 0.31 47.46 0.87
DP 27.92 0.94 11.50 0.52 12.44 0.56 48.14 1.09
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larger ρ related to slightly lower relative density (94.7 %) compared to 
the reference or MLP sample (97.6 % and 98.5 % respectively). How
ever, it is important to notice that the MLP+HPC presented excellent 
thermal stability even superior to the reference and MLP samples as 
evidenced by the reproducibility of the measurement (Fig. S13). Finally, 
the representative DP sample exhibits a larger ρ around room temper
ature proving that this process, leading to a degraded microstructure 
(Fig. 6c), can extensively affect the electrical transport properties 
mainly in the ordered region of the CZTS. As a result of the electrical 
transport properties, the power factor (PF) has been determined and 
displayed in Fig. 7c. All the processes employed led to a similar PF trend 
with a small discrepancy in values. In the disordered region, the PF 
benefit simultaneously from the S bump up and the ρ drop enabling large 
values lying in the range of PF = 0.40 - 0.63 mW/m.K2. The MLP process 
presents the best PF with a maximum PFmax = 0.63 mW/mK2@675 K. It 
is worth noting that, to the best of our knowledge, this value constitutes 
the current record on polycrystalline samples of kesterite-based mate
rial. In the ordered region, the PF is strongly dependent on the process 
which directly influences the microstructure and therefore the ρ as 
evidenced by the MLP+HPC and DP samples (Fig. 7b and c) wherein the 
values are reduced by around 50 %.

The main effect of the process is visible in the thermal conductivity κ 
displayed in Fig. 7d. The dominant contribution of the κ is the lattice 
contribution (Fig. S14.a)). We can observe a characteristic bump at 500 
K correlated to the heat capacity Cp due to the phase transition 
(Fig. S14.b)). We can observe that the κ is greatly reduced, in all tem
perature range, in the MLP samples compared to the reference and 
reversely increased in the DP samples. To better understand the differ
ence of κ among our samples, we performed phonon transport calcula
tions based on density functional theory (DFT). Calculated phonon 
dispersion and density of states (DOS) are shown in Fig. S15. The 
dispersion curve consists of three acoustic and 21 optical branches. We 

included non-analytical term correction to dynamical matrix by calcu
lating dielectric constant and Born effective charge. As a result, longi
tudinal optical-transverse optical (LO-TO) splitting near the zone center 
induced by long-range Coulomb interaction can be observed. A fre
quency gap can be observed in the dispersion and DOS mainly because of 
the large mass difference between cations (Cu, Zn, Sn) and anion (S). 
Fig. 8a) shows the calculated lattice thermal conductivity of single 
crystal CZTS for crystallographic a-axis (xx) and c-axis (zz) directions 
together with the experimental ones of our polycrystalline samples. The 
calculated value is significantly higher than experimental ones, which 
clearly shows that our polycrystalline samples contain phonon scatterers 
impeding thermal transport. Fig. 8b) shows the cumulative thermal 
conductivity κcum at 300 K as a function of cutoff phonon mean free path 
(MFP) l. The κcum is defined as: 

κcum(l) =
1
3

∫l

0

CvgLdL (5) 

where C, vg, L are phonon specific heat, group velocity, and MFP, 
respectively. The κcum gives us information on which scale of phonon is 
dominant for thermal transport. As seen in colored regions in Fig. 8b), 
three different regions in terms of the slope of curve can be defined: 1–20 
nm, 20–200 nm, and 200–1000 nm. It clearly suggests that the phonons 
with MFP of 200–1000 nm have the most significant contribution to 
thermal transport in CZTS. Thus, the lattice thermal conductivity of 
CZTS is sensitive to the fine control of microstructure within this scale. 
The ALMLBO approach independently converged on processing pa
rameters that resulted in grain sizes within this crucial 200–1000 nm 
range, demonstrating its ability to capture and exploit fundamental 
physical relationships without explicit programming of these con
straints. The MLP samples are characterized by a fine microstructure 

Fig. 7. Dependance in T of a) Seebeck coefficient S, b) electrical resistivity ρ, c) power factor PF and d) thermal conductivity κ of the CZTS SPSed samples.
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with grain size D << 1 μm certainly in the third region of 200–1000 nm 
which can decrease the κ theoretically up 50 % (Fig. 8b)). Experimen
tally, we evidence that the κ is reduced by 25 % and 40 % respectively 
for MLP and MLP+HPC samples at room temperature matching with the 
calculation. We also show that a bad control of the process can lead to an 
increase of the κ by 28 % (DP sample). Note that phonons with MFP 
smaller than 1 nm have negligible contribution to thermal transport in 
CZTS, which suggests the effect of atomic scale Cu-Zn disorder can be 
much smaller than the microstructure effect. This finding revealed 
through the combination of ML-guided experimentation and theoretical 
calculations, challenges previous assumptions about the relative 
importance of atomic disorder and microstructure in determining ther
mal properties of CZTS. We roughly estimated the disorder effect 
considering only mass difference between Cu and Zn by applying 
Tamura’s model [73] and found that it only gives a small reduction of 
the lattice thermal conductivity (Figure S16).

As illustrated in Fig. 9, the MLP enables a significant improvement by 
40–60 % of the zT in the disordered region. It corresponds to a net 
improvement of the value from zT ≈ 0.27 to zT ≈ 0.36 at 675 K from the 
reference to the MLP/MLP+HPC (Fig. 9a)). Also, we performed a two- 
way mixed ANOVA (analysis of variance) to support the statistical sig
nificance of the improvement of the MLP/MLP+HPC on the reference 
over the whole temperature range [74]. A two-way mixed ANOVA 

statistical test is here appropriate for our study as it follows the basic 
assumptions that the different measurements are i.i.d., i.e., independent 
and identically distributed, are normally distributed, and possess ho
mogeneity of variances, i.e., the fixed variability of 17.5 %, intrinsically 
implying that their sphericity, i.e., the variances of the differences be
tween all pairs of temperature points are equal. Here, the two-way 
mixed ANOVA considers the repeated measurements at different tem
peratures and the comparison between the reference and the 
MLP/MLP+HPC. The results of the two-way mixed ANOVA show a 
statistically significant effect of the MLP/MLP+HPC with a p-value p0 ~ 
9.2 × 10–4 and p1 ~ 7.1 × 10–3 for MLP and MLP+HPC, respectively, 
indicating that the MLP/MLP+HPC significantly improved the zT values 
as compared to the reference, averaged across all temperature points. 
The effect of temperature was also checked for significance for evalu
ating the consistency of the statistical method on the expected effect of 
temperature on zT, with a p-value of p2 ~ 3.6 × 10–8 and p3 ~ 3.6 × 10–7 

for MLP and MLP+HPC, respectively, suggesting significant differences 
in zT values across different temperatures. The extremely low p-values 
p0/p1 on the MLP/MLP+HPC, much smaller than the commonly used 
significance level of 0.05, is a strong evidence against the null hypoth
esis, suggesting that the observed differences between the 
MLP/MLP+HPC and the reference are unlikely to have occurred by 
chance alone. Therefore, the improvements in zT obtained from the 

Fig. 8. a) Calculated (solid lines) and experimental (plots) temperature dependence of lattice thermal conductivity of CZTS and b) the cumulative thermal con
ductivity κcum at 300 K as a function of the phonon mean free path, l. The colored regions represent that the slope of κcum curve is significantly different between 
these regions.

Fig. 9. Dependence in temperature of the a) figure of merit zT of the CZTS SPSed samples. b) improvement ratio normalized on the reference CZTS.
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MLP/MLP+HPC are indeed statistically significant across the studied 
temperature range.

The superior thermal stability of the MLP+HPC sample gives a zTmax 
value of 0.44 at 725 K which corresponds to a record value for the pure 
kesterite following this process type. In contrast, it highlighted that 
some process could act negatively on the final figure of merit and led to a 
degradation of the zT with values reduces by 10–60 % depending to the 
temperature range (sample DP) evidence once more the importance of 
the process’s control on sulfide-based TE materials. It is worth noticing 
that the report of Q. Jiang et al. shows a peak value at 0.64 at 673 K for a 
similar composition and process, however, that peak value came mainly 
from an anomalously low heat capacity which contradicts other litera
ture data and our current measurements (Fig. S14.b) [39]. For com
parison, using their reported values of Cp will make the MLP+HPC 
sample zTmax of 0.81 at 725 K. A study is undergoing to settle the ac
curate value of Cp for CZTS materials in literature.

Besides, it is interesting to observe that the ALMLBO approach 
applied converge to process’s parameter suitable for promoting the 
nanostructuration which is a common strategy applied on TE materials 
in order to improve their figure of merit but not systematically effective 
in every system [75].

4. Conclusions

In the present investigation, we showed the attractiveness of a hybrid 
study combining an active learning pipeline assisted by machine 
learning and Bayesian optimization with the “classical” material 
development strategy in thermoelectricity. It allows optimization in a 
short time the process, which can strongly influence the thermoelectric 
performance of metal sulfide-based ceramic and provides unique strat
egy specific to each system where it applies. As a proof of concept, we 
investigated in detail the spark plasma sintering densification process on 
the kesterite Cu2.125Zn0.875SnS4 on its structural, microstructural, and 
TE properties. We confirmed that the optimization and control of the 
densification process is critical to unravelling the highest potential on 
metal sulfide TE ceramics and evidenced that using the appropriate 
sintering process can allow for the same composition to reach non- 
negligible enhancement of its zT up to 60 % achieved in a shortened 
number of experiments. Interestingly, we observed that the ALMLBO 
converged to a set of parameters suitable for a nanostructuration of 
kesterite which reduces the thermal conductivity of the material without 
reducing its overall power factor and led to a record maximum zT = 0.44 
at 725 K. The ALMLBO approach demonstrated high sensitivity and 
effectiveness even within the narrow zT range of 0.2–0.4, typical for 
kesterite systems. This ability to discern and predict small but significant 
improvements highlights its potential for fine-tuning material properties 
in constrained optimization scenarios common in materials science. 
Rather than relying solely on intuition or exhaustive parameter sweeps, 
ALMLBO provides a data-driven framework for iterative experimenta
tion, representing a paradigm shift in materials optimization. Its true 
strength lies in guiding experimental design within complex, multi- 
dimensional parameter spaces, even when working with limited initial 
data and narrow target value ranges. This approach is particularly 
valuable in materials science, where experiments are often time- 
consuming and resource-intensive. By suggesting optimal parameters 
for each experimental cycle, ALMLBO enables a more thorough and 
efficient exploration of a material’s potential than traditional methods 
alone. This synergy between machine learning and traditional materials 
science accelerates the discovery and optimization of high-performance 
thermoelectric materials, extending the value of ALMLBO beyond mere 
predictive accuracy. Besides, thanks to the support of theoretical cal
culations, we evidence and correlate the influence of the microstructure 
on kesterite in order to uncouple the electronic and phonon transport. 
This alignment between ML-guided optimization and theoretical 
phonon calculations demonstrates how data-driven approaches can 
reinforce and extend our understanding of fundamental physical 

processes in materials. Reversely, we also identify the parameters which 
act negatively on performance notably the use of long and high- 
temperature processes which promote instability and microstructure 
failure as well as a lower figure of merit. We show the possibility of 
rationalizing all the results obtained from theoretical, AI, and chemistry 
points of view. This constitutes novel evidence that combining profi
ciently the “classical” approach of experiment/theory with data science 
can allow pushing forward the thermoelectric research on other kes
terites and potentially on other thermoelectric materials to a new stage.
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[53] P.E. Blöchl, Projector augmented-wave method, Phys. Rev. B 50 (1994) 
17953–17979, https://doi.org/10.1103/PhysRevB.50.17953.

[54] J.P. Perdew, K. Burke, M. Ernzerhof, Generalized gradient approximation made 
simple, Phys. Rev. Lett. 77 (1996) 3865–3868, https://doi.org/10.1103/ 
PhysRevLett.77.3865.

[55] T. Tadano, Y. Gohda, S. Tsuneyuki, Anharmonic force constants extracted from 
first-principles molecular dynamics: applications to heat transfer simulations, 
J. Phys. Cond. Matter 26 (2014) 225402, https://doi.org/10.1088/0953-8984/26/ 
22/225402.

[56] L. Breiman, Random Forests, Mach. Learn. 45 (2001) 5–32, https://doi.org/ 
10.1023/A:1010933404324.

[57] B. Efron, The Jackknife, the Bootstrap and Other Resampling Plans, Soc. Indust. 
Appl. Mathematics (1982), https://doi.org/10.1137/1.9781611970319.

[58] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, 
M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, 
D. Cournapeau, M. Brucher, M. Perrot, É. Duchesnay, Scikit-learn: machine 
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