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Abstract

Solar water evaporation outstands as a promising method to solve the global freshwater
shortage due to its lower cost, green and sustainable. Semiconductors photothermal
materials (SPMs), with modifiable bandgap, and high.performance, exhibit excellent
prospects for practical solar evaporation. However, the precise influence of SPMs properties
on evaporation performance remains unclear, necessitating long time and large costs to
develop by trial-and-error tests.

Machine learning (ML) using data-driven‘approach to achieve feature classification and
performance prediction. This work employed four ML models were employed to analyze
the database collected from the latest research articles of SPMs, using data-driven approach
to achieve feature classification and performance prediction. Shapley Additive Explanation
analysis revealed the impact features for evaporation performance of SPMs. Moreover,
experimental validation for the ML model's reliability was achieved doping sodium
borohydride (NaBH4) to.titanium dioxide (TiOz) for narrowing bandgap by calcining under
300 °C, 500 °C and 700 °C for one hour, respectively. Various characterizations were
analyzed through SEM, XPS and UV-Vis confirmed Ti*" converted into Ti**, resulting in
forming oxygen vacancy to narrow bandgap of four samples from 3.36 eV (P25), 3.33 eV
(300 °C), 3.12 eV (500 °C 5) to 2.09 eV (700 °C). The experimental results indicate that the
evaporation rate of T1O2-700 °C improved 17.5% than primary literature, with evaporation
rates of 1.12; 1.62, 1.89 and 2.28 kg m2h™! under 1sun, 2sun, 3sun and 4sun, respectively.
This study highlights that ML strategies can enhance the efficiency of exploring high-

performance SPMs for solar-driven water evaporation.

Keywords: Solar evaporation performance, Machine learning, Semiconductor

photothermal materials, Bandgap, Absorbance
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1. Introduction

Currently the problem of global freshwater shortage is becoming more and more
serious due to rapid population growth and accelerating industrialization. Seawater
desalination has emerged as an effective approach to address this issue [1,2]. Solar-driven
photothermal evaporation technology is an eco-friendly and sustainable solution to'the
freshwater crisis [3,4]. It primarily operates via three modes: bottom heating, bulk heating,
and interfacial heating [5-7]. Interfacial solar evaporation (ISE) captures solar energy and
converts into heat at the air-photothermal material-water interface. This improves thermal
conversion efficiency, minimizes heat loss, and boosts freshwater production [8,9]. The
interfacial heating process involves two distinct stages: evaporation and diffusion.
Evaporation occurs when disruption breaks interfacial hydrogen.bonds, and evaporation
enthalpy is lower than bonded free water, resulting in thermal diffusion across the interface
[10]. Photothermal materials float on the water surface and directly convert absorbed solar
energy into heat, driving water evaporation at the water-air interface. The performance of
ISE is governed by material microstructures, insulation layer performance, and solar-

thermal conversion efficiency [11,12].

Recently, a variety of solar photothermal materials have been reported, including
carbon, metal, semiconductor materials [+J3]. Particularly, semiconductor photothermal
materials (SPMs) have gained extensive attention owing to excellent light-to-heat
conversion capability, good chemical stability and broad applicability across multiple
industries [6, ]. For ISE, the performance of SPMs is mainly influenced by their narrow
bandgap and solar absorbance. When photon energy exceeds the semiconductor bandgap,
absorbed photons generate electron—hole pairs under sunlight [ 1 7]. Photo-generated carriers
relax toward band,extrema, converting surplus energy into heat via thermalization. A
narrower bandgap faeilitates light absorption over a wider wavelength range. High light
absorbance boosts heat generation by forming charge carriers, which then recombine to
release thermal energy. This process also involves the absorption of electromagnetic waves,
such as infrared radiation [13,15]. Moreover, solar irradiation, environmental temperature
and humidity exert significant impacts on evaporation efficiency (EE) in the desalination
process [18]. However, the interplay between these factors and solar water evaporation
remains complex and unclear. Current SPMs perform well in desalination, but novel SPMs
are still needed to achieve high evaporation rate (ER) in practice. Conventional design
approaches involve complex, multi-step processes including material synthesis, property
analysis, and evaporation evaluation, develop by trial-and-error tests. Therefore, optimal

and resource-conserving methods for designing high-performance SPMs are imperative.

Machine learning (ML) has become a transformative tool in materials science, offering
1



a powerful means to automatically identify patterns and learning from complex datasets,
and generate data-driven predictions [19-25]. ML technology integrating with theory and
experimental enables predicting material properties, optimize parameters and structures,
designing novel materials, and uncovering new mechanisms beyond intuition [26,27]. The
operational mechanism of photothermal material can be accurately predicted by training
various ML models with large datasets curated from relevant literatures. According. to
Gradient Boosting Decision Tree (GBDT) ensure each new tree correct the residuals
of the previous trees in iterative process, Wang et al. applied GBDT regressor to predict the
desalination capacity of faradic materials [28]. Ali et al. explored the extreme gradient
boosting (XGBT) improves speed and prediction accuracy by using a new tree learning
algorithm, leveraging parallel and distributed computing [29]. Elsheikh et al. applied
support vector machines (SVM) for improving the «performance of solar stills
and water yield prediction [30]. In our previous study, voting regressor (VR) was employed
to improve regression and explore carbon-based materials for solar evaporation. These
works investigated solar desalination capabilities of carbon-derived photothermal absorbers,

so ML-assisted exploration of SPMs remains largely underexplored.

In this study, four ML models (GBDT, XGBT; SVM and VR) were employed to predict
the ER and EE of SPMs, and to establish the evaporation performance relationships with
structure properties and experiment conditions. Particularly, two key material features of
bandgap (BG) and absorbance (A); a property parameter of evaporation system of thermal
conductivity (TC), and three operational conditions illumination conditions (sun), room
temperature (T), and relative humidity (H); which were considered as inputs. The schematic
process of predicting the evaporation performance of SPMs through ML methods is

demonstrated in Fig. |«
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Fig. 1. Diagram for predicting ER and EE of SPMs using ML.
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The key research objectives of this study are:

* Collect dataset (six input and two output features) from published literatures researched

on semiconductor photothermal materials for solar water evaporation.

* Train machine learning models and evaluate performance by root mean square error

(RMSE), mean absolute error (MAE) and R? values.

* Predictive ER and EE by four ML models, and analyze feature importance of six/input

features in the model was evaluated using Shapley Additive Explanation (SHAP).

* Prepare black TiO, samples by calcining mix of P25 and NaBH4 under temperature
300 °C, 500 °C, 700 °C, respectively.

* Evaporation performance will test under different solar irradiation (1-'sun, 2 sun, 3 sun,

4 sun) to confirm the reliability and applicability of ML method.

By achieving these objectives, this study highlights that' ML strategies can accelerate
development of high-performance SPMs for solar water evaporation, improving the

efficiency of seawater desalination.

2. Methods

2.1. Dataset construction and feature screening

The data collected for this research.comprises 196 samples, all sourced from the
published literature. Comprehensive details of the dataset are presented in , as
shown in wmation document. Considering that data of features are

2

missing exceeding 15% in.Jable S1, Multiple Imputation was applied to handle missing
data by synthesizing all available data to derive optimal imputed values [20]. In this dataset,
ER and EE were used “as the prediction target to evaluate solar water evaporation
performance. The. key properties of semiconductor materials BG, A are regarded to
effectively influence the evaporation performance. Additionally, operational condition sun
determines the light energy providing heat for evaporation process. Ambient environmental
factors T and H also affect evaporation performance. To evaluate and identify the most
accurate ML model for predicting the solar water evaporation performance, six commonly
used features (BG, A, TC, sun, T, and H) served as input variables for the ML algorithms

for.predicting ER and EE.

2.2. Training ML models and accuracy assessment

In this work, VR used for ensemble method to combining the predictions from GBDT,
XGBT, and SVM models, which leads to more robust predictions compared to individual
model. The performance of the four ML models was evaluated through random allocation

of the dataset with 80% for training sets and 20% for testing sets. Cross validation with five-
3



fold was performed to train each ML model, each algorithm underwent five training and
evaluation cycles. In addition, Bayesian optimization was applied to optimize the
hyperparameters of each model, and and summarize the optimized
hyperparameters for each model. Using the optimal hyperparameters, each model’s
performance was evaluated on the training sets and testing sets using RMSE, MAE, and

coefficient of determination (R?). These evaluation indicators are defined as:

RMSE = [ 3°(3, 3, (1
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where, n denotes the sample size, }); and )A/,- are actual value and predicted value,

respectively, and V. is the mean of ;. Notably, for both values of RMSE and MAE are

small signify higher predictive accuracy, smaller RMSE, and MAE indicate prediction,
while the larger R? means better performance of the model (0 < R*<1).

In the study, the weights for each base model in the VR were determined based on their

performance on the validation.set.(specifically, the R?).

3. Experimental

3.1. Materials and instruments
A commercial fine titanium dioxide (TiO2) powder (P25) was used as starting material.
The sodium.borohydride (NaBH4) was used as reduction agent. The P25 and NaBH4 were
acquired from Sinepharm Chemical Reagent Co. Ltd., and all chemicals were used without
any further. treatment.’All experiments used deionized water.
The main instruments used in the sample preparation of this project are as follows:
(1)-High-precision electronic analytical balance, model FA1204B, Jucheng Group.
(2) Tubular furnace, model OTF-1200X, Hefei Kexing Materials Technology Company.
(3) Ultrasonic cleaning machine, model UC-7180L, Shenzhen Langjie Ultrasonic Electrical
Appliance Company.
(4) High-speed centrifuge, model TGL-15B, Shanghai Anting Scientific Instrument Factory.
(5) Vacuum drying oven, model DHG-9055A, Shanghai Yiheng Scientific Instrument
Company.



3.2. Samples preparation

Samples preparation processes are demonstrated in Fig. 2, for the preparation of each
sample, 0.4g TiO2 and 0.15g NaBH4 weighed and placed in a ceramic crucible. The two
materials should be ground to ensure complete mixing. Then, they should be separately
placed in ceramic crucible boxes and placed in a tubular heating furnace for baking. Four
types of samples were prepared according to this mass ratio: the original sample, heated at
300°C for 1 hour, heated at 500°C for 1 hour, and heated at 700°C for 1 hour.

0.4g TiO,, 0.15g NaBH grinding

vacuum drying filtration separation sonicleaning

Fig. 2. Samples preparation process.

Place the crucible in a tubular heating furnace, protected by nitrogen gas (flow rate of
0.2 L/min), and raise_the temperature at a rate of 5°C per minute to the predetermined
temperature, then hold it for 1 hour. Reach the predetermined temperatures (300°C, 500°C,
and 700°C) respectively. After cooling to room temperature, remove the obtained titanium
dioxide.and grind it. Mix it for 1 hour by ultrasonic centrifugation, then wash and filter with
water. Put the filtered sample into a vacuum box at 70°C to dry for 2 hours to obtain the
prepared sample, as shown in Fig. 2. To facilitate distinction and comparison, we uniformly
name the prepared samples. The original sample is named TiO»-P25, while the samples after
1-hour heating at 300°C, 500°C and 700°C are respectively named TiO2-300°C, TiO2-500°C,
and TiO»-700°C.

3.3. Membranes preparation

Membranes preparation process as demonstrated in Fig. 3, we weighed 10 mg of
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different pure TiO2 samples, respectively, at 300°C for 1 hour, 500°C for 1 hour, and 700°C
for 1 hour. Then, we took 10 ml of deionized water for each sample and mixed them together.
We placed the mixture in an ultrasonic machine for 1 hour to dissolve. After that, we
removed the mixture and used a standard cellulose paper with a diameter of 3.8 cm. We

performed filtration to produce 4 different water-evaporated TiO, membranes.

test tube

size and quality membranes filtration separation

Fig.:3. Membrane preparation process.

3.4. Solar water evaporation experimental tests

The black TiO» powder was prepared by a NaBHjy-assisted method. In brief, 2 g P25
powder were mixed with 0.75 g NaBHs powder, and then the mixed power was
homogenized by grinding. Moreover, the powder mixture was transferred into tube furnace
and purged with argon gas for 30 min. After that, the mixtures were calcined at 300 °C,
500 °C, and 700.°C under an argon gas for 1 h, respectively, and obtained black TiO»
samples were named 300 °C, 500 °C and 700 °C. Finally, the black TiO, samples were

washed with deionized water two times, respectively.

The efficiency of solar-driven water evaporation was quantified through the
experimental setup presented in Fig. 4(a). Light source is a xenon lamp as a chamber optical
system. Under the sun illumination, the mass reduction was continuously measured using a
high precision analytical balance. As shown in Fig. 4(b), 10 mg TiO2 samples (P25, 300 °C,
500 °C and 700 °C) were dissolved in 10 mL deionized water with ultrasound dispersion for

1 h at room temperature, and then deposited onto mixed cellulose ester (MCE) membranes
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via vacuum filtration process to fabricate into evaporator, respectively. These membranes
were cut into 38 mm diameter circle. Which were floated on water using a polyvinylidene
foam insulating support and overlaid with an airlaid paper. Thermal conductivity of MCE
membranes is 0.073 W m™! K! as shown in Table S4. The membrane evaporator converts
absorbed light into heat, leading to localized evaporation and steam generation. The
variations in water surface temperature and the corresponding thermal distribution were
captured using an infrared camera, as presented in Fig. 4(c). Absorbed light energy‘is.rapidly
converted into heat by the membrane evaporator, thereby inducing a rapid increase in its
surface temperature and stabilize at approximately 51.3 °C within just 10.min under three

sun irradiations.

Fig. 4. Solar water evaporation experimental tests. (a) Testing system setup, (b) Modified TiO> membrane

evaporators, (¢) IR image of 700 °C membrane surface.

All tests were petformed under controlled ambient conditions (26 °C, 65% relative
humidity). Following each test cycle, the samples were thoroughly dried at 50 °C in a
vacuum oven for subsequent reuse. Comprehensive details regarding the materials,
characterization methods, and Supplementary Information provided evaporation testing

procedure.

4. Experimental results and discussion

4.1. Doping mechanism of TiO>

To reduce bandgap of original TiO> sample for increasing the visible light absorption,
NaBHs was employed as reduction agent, which can provide active hydrogen to convert
Ti*" into Ti*" and form oxygen vacancies, as the primary origin of the Ti 3d bandgap states

[31]. The thermal decomposition of NaBH4 follows the below reaction:
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NaBH, —  solid, (Na, B, H)+ ) gas, (B, H) (4)
i i

where the solid residue and unreacted reactant can be easily removed by water.

hv

k 4///

Original Tio, ' |race 300-700°C - ified Tio,

Fig. 5. Modified schematic diagram of TiO, [31].

As described in Fig. 5, by applying NaBH4 modified TiO: in the tube furnace under 300-
700 °C, defects confirmed to be oxygen vacancies mainly formed bulk defect which trigger
recombination of electrons and holes. These introduced defects (oxygen vacancies) mean
that the excess electrons generated from the active hydrogen reaction remain at the positions
of oxygen vacancies, and thus act as F center that has a tendency to absorb visible light.
Theoretically, the concentration of the defects should be high enough to create a new band

that leads to the visible light absorption of the modified TiO».

Tit 3+ Oxygen
o Ti Vacancy

Fig. 6. Supercell model and oxygen vacancy [32].

To study the doping mechanisms, P. J. Ying et. al. applied DFT + U calculations to analyze
atomic.model of the 2 x 2 x1 supercell, as described in Fig. 6 [32]. It contains 48 atoms (16
Ti and 32 O atoms). An oxygen vacancy in TiO2 will induce two excess electrons, which
will cause a reduction of two Ti*+ cations and the formation of two Ti*+ ions. In addition,
because a H substitutes an O, that is, H— replaces O’—, it should reduce one Ti*+ to Ti*+.
The defects (oxygen vacancy) are uniformly distributed in TiO2 to reduce the interaction

between them.

4.2. Pearson correlation coefficient study

In this work, the interrelationships among features (BG, A, TC, sun, T, H) and targets
8



(ER, EE) were evaluated using Pearson correlation coefficients, as presented in Fig. 7. Each
matrix element represents the correlation coefficient between its respective row and column
variables. This value falls in between -1 and 1, providing information on how the two
variables correlate to each other. As shown in Fig. 7(a), the results show that a very high
positive correlation (correlation coefficient of 0.92) between sun and ER, indicating that
higher irradiance directly enhances solar energy capture. Mechanistically, increased photon
flux elevates light-induced carrier generation efficiency in semiconductors, thus enhancing
energy conversion. In contrast, no significant linear correlations were observed between the
other features and the predicted variables of ER and EE, a key consideration in multivariate

analysis.

(a) Feature Correlation Heatmap Lo (b) Feature Correlation Heatmap 10
- * ‘
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Fig. 7. Pearson correlation coefficient' matrix between the six input features (A, BG, TC, sun, T, H)

and (a) target variable (ER), (b) targetvariable (EE).

4.3. ER prediction

ER was employed as the primary performance metric to evaluate the evaporation
performance of SPMs. Model efficacy was quantified using RMSE and MAE on separately
training sets and test sets, as shown in Table S5 and Table S6, with lower values indicating
better performance.-~Comparative analysis indicates that the VR model as optimal, given its
better.error statistics.

Additionally, scatter plots illustrate the error by comparing the predicted versus actual
ER for the four ML models, as shown in Fig. &. Blue and red points denote the training and
test data for ER, respectively. Obviously, these blue points and red points in Fig. 8(a) closely
cluster around the best-fit line in the VR model. Furthermore, the prediction error (RMSE,
MAE, R?) of VR model are lower than other models as shown in Table S5, which indicates
VR model has high accuracy. This advantage of VR model is due to integrate three distinct
sets of ER prediction results of GBDT, SVM and XGBT models which are approximate and

without overfitting, resulting in overperforms the individual models present as its estimators.
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Fig. 8. ER prediction scatter plots for the four. ML models: (a) VR, (b) XGBT, (c) GBDT, (d) SVM.

4.4. EE prediction

The EE is a critical factor.in-evaluating performance of SPMs on converting full-
spectrum solar energy intorecoverable heat and depends on their specific properties,
including bandgap, and light absorption capability. The EE prediction error of four ML
models on the training sets and test sets are present in Tables S7 and Table S8. Fig. 9.
displays scatter plots.comparing the predicted versus actual values for the four ML models.
In these plots, training data for EE are shown in blue, while test data are denoted in red.
Comparison of the predicted against actual values are illustrated via scatter plots in Fig. 9,
where.blue and.red points denote the training and test data for EE, respectively. Fig. 9(a)
indicates'the" VR "model performs better due to it combining the predictions of multiple
diverse estimators to smooth out errors and captures different aspects of the data. Therefore,

VR model can achieve superior accuracy than single model on EE training data.
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4.5. Feature importance and SHAPvalues analysis

Enhancing model interpretability is crucial for developing ML. SHAP values quantify
the contribution of each. feature to a specific prediction, and thus it can be used to analyze
which features are most important for the model and how they affect the outcome. The
SHAP plots shown in'Fig. 10(a) highlight the impact of six features (BG, A, TC, sun, T, and
H) on the model’s output of ER. As shown in Fig. 10(a), among the six features, sun
demonstrates'a marked positive association with ER, indicating significant influence on ER
prediction.. When “inereasing sun light intensity, SPMs can achieve more solar energy
absorption, resulting in improving water mass loss to increase ER. Similarly, TC is a system-
level property dominated by the membrane, resulting in primary influencing ER. It has been
reported that the interfacial heating is concentrated on the upper surface of the membrane
evaporation with low thermal conductivity materials to prevent heart diffusion to the
container, thereby improving ER [33]. Absorbance is essential for efficient photothermal
conversion in SPMs, with higher absorbance leading to greater light harvesting and heat
generation to improve ER [34]. BG reduction can decrease the intrinsic energy barrier for

electron excitation from valence band to conduction band in SPMs, and prolong the activity
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under visible light irradiation. Ambient temperature and relative humidity which also

directly impact ER because they affect energy available and vapor pressure, respectively.
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Fig. 10. Analyzing feature contribution with SHAP: (a) predicted ER using the VR model, (b) predicted
EE using the VR model.

As shown in Fig. 10(b), the:SHAP value for EE prediction indicates that no single
feature exhibits a dominant influence, which is consistent with the model’s difficulty in
capturing the underlying physics of EE as shown in Fig. 4. Relatively speaking, BG and A
have the most significant impacts on the SHAP value among all features, providing reliable
physical interpretability. TC shows smaller influences on SHAP value of EE. This lack of
clear, dominant feature contributions is consistent with the lower R? for EE prediction,
suggesting that EEis governed by more complex, multi-factor interactions that are not yet
fully captured by the current dataset. Larger and more diverse dataset may improve both the
accuracy and the interpretability of EE prediction. To further validate the ML prediction, in

the-following section the solar water evaporation tests of SPMs was measured.

4.6. Experimental validation

To validate the predictive efficacy of the ML models, we employed black TiO> as a
photothermal material for performance evaluation in interfacial evaporation. By using P25
as the starting material and NaBH4 as the reducing agent, we thoroughly mixed them and

then placed the mixture in a tube furnace for reaction. As depicted in Fig. S1, with the
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increase in reaction temperature, the color of the samples gradually changed from white to
black.

(a) =~ (b)
21 21 g
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Fig. 11. The four different samples properties (a) absorbance, (b) bandgap.

As shownin Fig. 1 1(a), the UV-Vis-NIR absorptionspectra of the gray-black and black
samples clearly demonstrate their excellent light absorption capabilities, whereas the white
raw material and the sample calcined at 300°C exhibit extremely poor light absorption. As
the reaction temperature rises, the intensity of light absorption gradually increases, which is
consistent with the color change of the.samples. The bandgap energy of the samples is
calculated based on their absorption spectra. As shown in Fig. 11(b), the bandgap of P25 is
3.36 eV. With the increase in reaction temperature, the bandgap gradually decreases, which
is consistent with the phenomenon of gradually enhanced light absorption intensity in the
absorption spectra. The gradual decrease in bandgap resulted from the creation of oxygen

vacancies induced by reduction, which causes the transformation of Ti** to Ti** [35. 36].

To delve into the influence mechanism of valence states and oxygen vacancies on the
bandgap, four samples were characterized by X-ray photoelectron spectroscopy (XPS) [37].
As shown in Fig. [2a5the XPS survey indicates that the sample is composed solely of Ti, O
and C. As shownin Fig. 13(a), Ti 2p spectral analysis was carried out on P25 and TiO>
calcined-at different reaction temperatures. The analysis results reveal that within the energy
range of 455 to 470 eV, XPS peaks for Ti 2ps2 and Ti 2pi2 can be observed at binding
energies of 458.88 eV and 464.68 eV, respectively. These peaks are typical characteristic
peaks of Ti**-O bonds. For the calcined TiO2, the XPS peak position of Ti 2ps/2 shifts from
the initial 458.88 eV to 458.68 eV, 458.58 eV, and 458.58 eV successively. At the same time,
the XPS peak position of Ti 2pi.2 also shifts from 464.68 eV to 464.48 eV, 464.18 eV, and
464.18 eV. In combination with Figs. 12(b)-(¢), such shifts are observable in peak positions
indicate the formation of Ti** [3&]. Specifically, the peak at 458.88 eV can be decomposed

into two Gaussian peaks, which are attributed to Ti*"and Ti*", respectively. Through peak-
13



fitting calculation, the Ti*/Ti*" peak area ratios for the samples reduced at different
temperatures were determined to be 1.86, 1.56, 1.25, and 1.18, respectively. This ratio shows
a gradual decreasing trend with increasing calcination temperature, indicating that the

reduction degree of Ti*" to Ti*" is progressively enhanced.
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Fig. 12:-(a) XPS survey. High-resolution Ti 2p spectra of (b) P25, (c) 300 °C, (d) 500 °C and (e)700 °C.

[ig. 13(b)presents the O 1s XPS spectrum. From the spectrum, it can be observed that
the XPS peak of Ti-O shows a certain degree of shift. In addition, there is a broad O Is peak
at 532.18 eV, which is attributed to the Ti-OH bond. This result confirms the presence of
hydroxyl groups on the surface of black TiO; after the reduction reaction. To confirm the
presence of hydroxyl groups, further analysis was conducted on the O 1s XPS spectra of
each sample, with the results shown in Figs. 13(c)-(). The analysis revealed the emergence
of two peaks at 530.18 eV and 531.78 eV. The peak at 530.18 eV corresponds to lattice

14



oxygen (Ti*"-0), while the other peak at 531.78 eV corresponds to oxygen vacancies (Ti**-
0). Additionally, a new peak appeared at 532.68 eV in the calcined TiO», which corresponds
to adsorbed oxygen or surface hydroxyl groups (Ti-OH). These results of XPS analysis
indicate abundant oxygen vacancies and Ti** into surface of TiO> sample with NaBHa

reduction under high temperature.
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Fig. 13. (a) Ti 2p XPS spectra and.(b). O=1's XPS spectra of the four TiO, samples. High-resolution O 1s
spectra of (¢) P25, (d) 300 °C, (e).500°C and (f) 700 °C.

To further investigate the effect of calcination temperature on the material structure,
XRD analysis was ‘performed on the samples reduced at different temperatures, and the
results are shown in Fi . For the pristine P25, the diffraction peaks at 25.3°, 38.0°, 48.1°,
53.9°, 54.8°; and 62.7° can be assigned to the (101), (004), (200), (105), (211), and (204)
crystal planes ofanatase-phase TiO> (JCPDS No. 21-1272), respectively. When the
calcination- temperature was 300 °C, the diffraction peak positions of the sample were
essentially consistent with those of P25, indicating that the moderate-temperature reduction
did-not induce obvious phase changes. As the temperature increased to 500 °C, new
diffraction peaks appeared at 27.3°, 36.2°, and 54.0° in addition to the anatase peaks. These
peaks correspond to the (110), (101), and (211) crystal planes of rutile-phase TiO, (JCPDS
No. 21-1276), suggesting that the anatase-to-rutile transformation had begun at this
temperature. When the calcination temperature was further raised to 700 °C, the XRD
pattern changed dramatically: the characteristic peaks of anatase almost completely
disappeared and were replaced by numerous diffraction peaks attributable to Ti30s5 (JCPDS

15



No. 76-1066) along with a small amount of TiO (JCPDS No. 72-0020) [39]. This indicates
that TiO2> was deeply reduced to low-valence titanium oxides, and the anatase phase was

completely converted to the rutile phase.
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Ti; 05 TiO
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$ 1 ¢ + P25
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2 Theta (degree)
Fig. 14. XRD pattern.

SEM observations were performed on the samples treated at different temperatures,
and the results are shown in Fig. 15. As the calcination temperature increased, the pristine
P25 nanoparticles gradually agglomerated and grew. When the temperature reached 700 °C,
obvious rod-like crystals appeared in the-sample. This morphological evolution further
confirms that when the calcination temperature exceeds 500 °C, a phase transformation
occurs within the material, with the crystal structure gradually converting from the anatase
phase to the rutile phase. Moreover,-under the high-temperature reduction conditions at
700 °C, low-valence titaniumoxides, namely Ti30s and a small amount of TiO, were further

generated.

SN
&),

Fig. 15. SEM images of (a) P25, (b) 300 °C, (c) 500 °C and (d) 700 °C.

To further verify the phase transformation behavior occurring during the high-
16



temperature reduction process, TEM characterization was performed on samples treated at
different temperatures, with the results shown in Fig. 16. As the calcination temperature
increased, the pristine spherical particles gradually agglomerated. When the temperature
reached 500 °C, amorphous flocculent edges appeared in some regions, and the particle
boundaries became blurred, indicating the onset of lattice distortion, which is consistent
with the initial stage of the anatase-to-rutile phase transition observed in the XRD results.
At this stage, the lattice fringe spacing measured from High-resolution (HR-TEM).images
is about 0.36 nm, which corresponds to the (101) plane of the anatase phase:*When the
temperature was further increased to 700 °C, the sample morphology changed significantly,
with the spherical particles completely transforming into rod-like crystals. HR-TEM images
revealed lattice fringes with a spacing of approximately 0.46 nm.in the 700 °C sample,
which can be indexed to the (110) crystal plane of the low-valence titanium oxide Ti3Os,
confirming that the phase had been completely reconstructed into a new crystalline phase
with good crystallinity. In addition, lattice fringes corresponding to the rutile phase were
also observed in the 700 °C sample, with a spacing of-approximately 0.34 nm, assigned to
the (110) crystal plane of rutile (Fig.52). Notably, this spacing is larger than the theoretical
value (0.3247 nm) for the standard rutile (k10)'plane, which can be attributed to lattice
distortion and expansion caused by a high ‘concentration of oxygen vacancies. The TEM
observations are in good agreement with the XRD analysis, confirming that upon
calcination at 700 °C, a phase transitionindeed occurred and low-valence titanium oxides

were generated.

y (d)

(h)

Fig. 16. TEM images of (a) P25, (b) 300 °C, (c) 500 °C and (d) 700 °C. HR-TEM images of (e) P25, (f)
300 °C, (g) 500 °C and (h) 700 °C.

Fig. 17(a) shows the Raman spectra of the four samples. The spectra of P25 and the

sample reduced at 300 °C are consistent, exhibiting characteristic peaks of anatase TiO> at
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147 cm™, 401 ecm™, 516 cm™, and 641 cm™!, indicating that low-temperature reduction did
not induce phase transformation. The 500 °C sample still retains the anatase peak shape, but
the strongest peak (144 cm™) blue-shifts to 154 cm™ with a slight increase in peak width,
and the intensities of the other peaks decrease, suggesting that the sample is in the initial
stage of the anatase-to-rutile phase transition, accompanied by lattice distortion caused by
a small number of oxygen vacancies. For the 700 °C sample, the characteristic anatase peaks
completely disappear and are replaced by a set of broadened new peak groups, indicating
that at this temperature, TiO; is deeply reduced and the phase reconstructs into low-valence
titanium oxides such as Ti3;Os, while the high concentration of oxygen vacancies, Ti*" and

lattice disorder lead to significant broadening of the Raman peaks.

(a) (b)

—_ — =

5 = ©=2.002

= ?

~ 3 g=1.950

2 2

= = 9=1.968

0 n

c c ~

-lg L&/& 2 gm2.002 300

st M

200 400 600 800 1000 14 16 1.8 2.0 22 24 26
Raman shift (cm™) g-factor

Fig. 17. (a) Raman spectroscopy of P25, 300.°C, 500 °C and 700 °C. (b) EPR spectra of P25, 300 °C,
500 °C and 700 °C, the inset shows a magnified view of the region within g =1.90 to 2.10.

shows the EPR/spectra of pristine P25 and NaBH4 reduced TiO> samples at
different temperatures. No obvious paramagnetic signal is detected for pristine P25 or the
sample reduced at 300.°C..As shown in the magnified view in Figure 11b, the weak sharp
peaks observed in both samples are attributable to instrument baseline noise or paramagnetic
impurities, rather than characteristic signals of oxygen vacancies or Ti**. When the
reduction temperature issincreased to 500 °C, the EPR signal intensifies significantly, with
the peak at g=2.002 assigned to oxygen vacancies and the peak at g=~1.968 corresponding
to Ti>*“Species. Upon further increasing the temperature to 700 °C, the signal becomes
substantially stronger, accompanied by pronounced broadening and an asymmetric line
shape. These features are closely related to the deep reduction of the sample, the generation
of abundant Ti** and oxygen vacancies, and the strong magnetic interactions arising from
structural reconstruction into low-valence titanium oxides (Ti30s), which is fully consistent
with the Raman and XRD results. The significant increase in EPR linewidth further
indicates a markedly higher local density of unpaired electrons and enhanced spin-spin

coupling, confirming that treatment at 700 °C introduces high concentrations of oxygen
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vacancies and Ti*" defects into TiO».
The surface temperature of TiO,-700 membrane under 1 sun as shown in Fig. 18 under

1 sun for 0 min, 60 min, 70 min, 80 min and 90 min, respectively.

Fig. 18. Infrared radiation images of TiO,-700 membrane surface under 1 sun (a)-(f) 0 min, (b)-(g) 60
min, (¢)-(h) 70 min, (d)-(i) 80 min, (e)-(j) 90 min.

The evaporation performance of four different samples was evaluated to validate the
ML prediction. To quantify solar water evaporation of the four different samples, we
recorded the mass change versus time under different light densities of one sun, two sun,
three sun, and four sun, respectively. Figl 19(a)-(b) show the variations in mass and surface

temperature over time for pure water and four different TiO> membranes under one sun.

Fig. 19(c) compares the measured ER and EE data for four different samples under one
sun. The ER values of pure water, P25; 300 °C, 500 °C and 700 °C are 0.22, 0.41, 0.45, 0.86
and 1.12 kg m™ h!, respectively, with corresponding EE values of 10.9%, 21.8%, 23.2%,
49.7% and 67.8%. Comparing the 500 °C and 700 °C with 300 °C, ER and EE achieves a
significantly improvement, primarily attributed to the bandgap of samples decreases with
increasing of calcined temperature, and it can absorb light across the full spectrum, with a
stronger light-absorption capacity. Overall, for the four different samples, the consistency
between the experimental correlation of these factors and the ML results confirm BG plays

a pivotal role in determining the EE.

To further verify the influence of sun on evaporation performance, we tested ER and
EE of the membrane with 700 °C under different irradiance levels. Fig. 19(d) displays water
mass loss of the 700 °C sample exhibits a continuous increase with rising sun. Fig. 19(e)
shows the surface temperature fast increases at initial time, eventually reaching saturation
and keep stability with prolonging the irradiation time. Fig. 19(f) presents the ER values of
700 °C evaporator are 1.12, 1.62, 1.89 and 2.28 kg m h™! under one sun, two sun, three sun,
and four sun, respectively, with corresponding EE values of 67.8%, 51.2%, 40.7% and

37.7%. Which manifests the four sun have significant enhancement of ER for 700 °C
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evaporator. Obviously, EE exhibits a gradual decline with increasing sun. This phenomenon
is primarily ascribed to the inherently limited light absorption of the material calcined at
700 °C, which restricts the maximum surface temperature increment. Therefore, the
evaporation rate fails to grow linearly with increasing light intensity, demonstrating a typical
nonlinear behavior. In addition, elevated heat loss via thermal radiation and convection
occurs under high illumination, accompanied by severe interfacial overheating. These

combined effects deteriorate the photothermal conversion performance and gradually

reduce the evaporation efficiency [ ].
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Fig. 19. (a) Water mass change for Pure water and four samples (1 sun). (b) Surface temperature profiles
for Pure water and four membranes (1 sun). (¢) Comparative analysis of ER and EE for Pure water and
four membranes (1 sun). (d)'Water mass change with 700 °C sample under various irradiance levels. (e)
Changes in surface temperature of 700 °C sample under various irradiance levels. (f) The ER and EE

values 0f-700 °C sample under different simulated intensities of sunlight.

Additionally, as described in , the 700 °C demonstrated a higher water
evaporation performance superior to those of previously reported in the literature. This
indicates that narrower BG promotes the adsorption of sunlight. Collectively, research
results verify the distinct yet significant influences of material feature A on the ER and BG
on the EE of SPMs. It confirming the SHAP analysis and establishing the validity of material
performance forecasts by the ML methodologies employed.

20



Table 1. Comparison of evaporation performance of different semiconductor materials

Semiconductor Solar intensity  Evaporation Evaporation rate Refs.
materials (kw m?) Efficiency (%) (kgm2h™)
Black TiOx 1 50.3 0.8
Fe304 MNPs 1 63 0.9
Ti:C2 1 53.7 0.45 )
Fe;04/C 1 67 1.07 26)
WO; 1 57.3 1 {3
Cuz-xS NWs 1 67 0.95
TiN 1 64.1 0.94
TiO2 NWAs 1 59 1.25
Ti02-700 °C 1 67.8 1,12 This work
Fe304 MNPs 2 65 1.85
MoS» 2 61 1.95
Cu-Fe304 2 36 1.2
Cu-Fes304 2 42 1.3
Ti02-700 °C 2 51.2 1.62 This work

5. Conclusions

In this study, ML models VR,*XGBT, GBDT and SVM were employed to accurately
forecast the evaporation rate and evaporation efficiency of SPMs. As the limited sample size
in the current dataset (n=196), we applied Bayesian optimization and treated cross-
validation as the objectiye function, minimizing the number of cross-validation evaluations,
reducing overfitting to a'single validation split. Moreover, the correlations between critical
features and evaporation performance were investigated. The VR model achieves the
highest R? for ER on test sets (R>=0.9337). However, the R? of EE prediction is only
moderate (R?=0.724), suggests that the current dataset may not fully capture the complex
factors- governing, evaporation, expanding the dataset samples to enhance model
performance in the future work. SHAP value analysis identified sun and TC as the most
significant factors for ER, while BG was the most influential for EE. The results highlight
BG as critical parameters deserving focused attention in the future study and design of novel
SPMs. Four modified TiO2 samples prepared by utilizing hydrogen-induced reduction
reaction to reduce the band-gap of TiO; under different high temperature. To evaluate the
prediction performance of the ML models, solar evaporation tests of four different samples
were tested under different light density of one sun, two sun, three sun, and four sun,

respectively. The characterization and evaporation experimental results show that when the
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calcination temperature reaches 700 °C, a phase transition occurs within the P25 sample,

generating low-valence titanium oxides, with Ti** reduced to Ti** accompanied by the

formation of oxygen vacancies. These changes lead to bandgap narrowing and enhanced

light absorption, thereby effectively improving the water evaporation capability. This result

further validates the reliability and applicability of the machine learning (ML) method. This

study highlights the promise of ML approaches in innovating design strategies. for

maximizing energy conversion, and optimizing material features and operational conditions

in photothermal evaporation technologies. Overall, this work presented a ML approach to

support the development of SPMs, establishing a predictive framework between material

characteristics and evaporation performance for material design.
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Appendix A: Supplementary Information (data collection and testing)

Table S1. Collected dataset from previous works.

EE ER BG A TC Sun T H Ref
% kg/m>h eV % W/mK  kw/m? °C %
81 1.4 1.3 0.959 0.02 1 23 90 [1]
87 2.8 1.3 0.959 0.02 2 23 90
96 4.3 1.3 0.959 0.02 3 23 90
96 3.68 1.3 0.838 0.02 3 23 90
96 3.05 1.3 0.765 0.02 3 23 90
80.5 1.3 1.2 0.93 0.06 1 26 75 [2]
83.5 2.8 1.2 0.93 0.06 2 26 75
91 4.18 1.2 0.93 0.06 3 26 75
91 5.65 1.2 0.93 0.06 4 26 75
91 7.03 1.2 0.93 0.06 5 26 75
67.7 1.15 0.45 0.99 0.525 1 23 55 [3]
70 2.2 0.45 0.99 0.525 2 23 55
76.5 3.6 0.45 0.99 0.525 3 23 55
82 5.1 0.45 0.99 0.525 4 23 55
86.2 6.6 0.45 0.99 0.525 5 23 55
84.5 1.46 / 0.9225 0.02 1 25 50 [4]
88.78 6.8 / 0.9225 0.02 5 25 50
88 1.32 / 0.95 0.05 1 20 58 [5]
50.3 0.8 / 0.913 / 1 21 55 [6]
76.7 1.229 1.82 0.97 / 0.5 25 50 [7]
85.6 1.255 1.82 0.97 / 1 25 50
86.5 2.52 1.82 0.97 / 2 25 50
63 0.9 0.3 0.95 0.48 1 23 55 [8]
65 1.85 0.3 0.95 0.48 2 23 55
67 3.1 0.3 0.95 0.48 3 23 55
70 45 0.3 0.95 0.48 4 23 55
71 5.6 0.3 0.95 0.48 5 23 55
68.6 1.1 0.3 0.95 0.48 1 23 55
71 2.25 0.3 0.95 0.48 2 23 55
73 3.4 0.3 0.95 0.48 3 23 55
75 4.9 0.3 0.95 0.48 4 23 55
76.5 6.2 0.3 0.95 0.48 5 23 55
75 1.35 0.3 0.95 0.48 1 23 55
78 2.75 0.3 0.95 0.48 2 23 55
80 4 0.3 0.95 0.48 3 23 55
82 53 0.3 0.95 0.48 4 23 55
83 6.7 0.3 0.95 0.48 5 23 55
70.8 0.63 / 0.94 0.32 0.6 25 60 [9]
76.9 0.92 / 0.94 0.32 0.8 25 60
81.4 1.22 / 0.94 0.32 1 25 60



862  1.56 / 094 032 1.2 25 60
53.7 0.45 / 0.868 / 1 25 50  [10]
85.8 1.44 / 0.94 / 1 25 50
90 2.56 / 0.94 / 2 25 50
90 3.85 / 0.94 / 3 25 50
88 5 / 0.94 / 4 25 50
92 1.48 32 0.944 / 1 21 50 ]
92 1.48 32 0.944 / 1 21 50 . \[12]
904  1.43 2 0.9 / 1 25 50 0 [13]
917 291 2 0.9 / 2 25 50
933 593 2 0.9 / 4 25 50
686  1.09 2 0.85 / 1 25 50  [14]
751  2.38 2 0.85 / 2 25 50
812 515 2 0.85 / 4 25 50
639 1.0l 2 093  0.067 1 26 / [15]
949  1.63 / 0.95  0.04 1 24 25 [16]
884  4.04 / 0.95  0.04 3 24 25
975  7.16 / 0.95  0.04 5 24 25
86.6  1.657 / 0.97  0.06 1 / / [17]
757  0.81 1 0.96 / 0.76 25 / [18]
593 0.64 1 0.96 / 0.76 25 /
814 615 1 0.96 / 5.35 25 /
626  4.73 1 0.96 / 5.35 25 /
94 1.95 / 0:98%  0.03 1 / / [19]
91.5 6.6 / 0.95  0.06 5 25 / [20]
80 1.27 / 5.0.9615  0.037 1 20 60  [21]
61 1.95 /09615 0.037 2 20 60
67 5.9 L 09615 0037 55 20 60
92.1 132 01 0925 0.2 1 20 55 [22]
953  5.03 0.1 0925 0.2 5 20 55
778 124 / 0.837 / 1 25 40  [23]
84.45 7 1.23 / 0.9627 / 1 25 55 [24]
94 1.45 / 09  0.243 1 26 50  [25]
67 1.07 / 0.903 / 1 25 45 [26]
869 [ 1.28 25 0906  0.02 1 / / [27]
924 181 / / 0.035 1 20 50 [28]
/ 4.63 / / 0.035 3 20 50
915 1337 17 / 0.03 1 27 50  [29]
935  3.99 1.7 / 0.03 3 27 50
941  6.78 1.7 / 0.03 5 27 50
77.1 1.2 2.7 0.99 / 1 22 40  [30]
785 125 243 0.879 / 1 22 40  [31]
/ 0.69 3.1  0.634 / 1 22 40
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93.8 122 1.7 / 0.03 1 / / [32]
895 186 276 0948  0.145 1 28 30 [33]
725 461 276 0948  0.145 3 28 30
694 775 276 0948  0.145 5 28 30
875 3.5 24 0657 / 5 / / [34]
93.8 4.4 1.1 0834 / 5 / /
775 1.24 / 0902 03 1 23 55 [35]
73.7  0.53 / 0.895 / 1 / / [36]
69.1 / / 0.9 0.04 1 25 55 [37]
573 1 268 095 / 1 25 300 [38]
74.5 1.3 235 095 / 1 25 30
83.1 145 235  0.99 / 1 25 30
799 139 235 099 / 1 25 30
81.6  1.86 0.7 / 0.08 1 24 55 [39]
97.7 7.5 0.7 / 0.08 1 24 55
80.4 / 1.79 095 0069 05 32 45 [40]
945 312 179 095  0.069 1 32 45
89.2 42 1.79 095 0069 15 32 45
883 538 179 095  0.069 2 32 45
95.9 2.2 / 098  0.77 1 25 60  [41]
95.6  2.09 / / / 1 25 25 [42]
87 2.2 / 0.93 (0239 1 / / [43]
912  1.57 / 097 ~ 0.55 1 24 25 [44]
94.5 1.5 / 0.98 / 1 25 60 [45]
91 1.09 2 0.95 / 1 25 40 [46]
91 2.38 2 0.95 / 2 25 40
91 5.15 2 0.95 / 4 25 40
985  1.79 / 0983  0.71 1 25 60  [47]
85.1 1355 / 094  0.06 1 25 31 [48]
914 291 / 094  0.06 2 25 31
97.5  4.659 / 094  0.06 3 25 31
96.6 * 6.152 / 094  0.06 4 25 31
95.9 /7.643 / 094  0.06 5 25 31
67 095 7 127 / / 1 26 23 [49]
79 4.31 1.27 / / 4 26 23
899 929 127 / / 8 26 23
97.1 1546 085 / / 1 / / [50]
90 / 0.85 / / 7.6 / /
88 / 0.85 / / 9.84 / /
90 / 0.85 / / 14.5 / /
99 143 154 / 0.043 1 / / [51]
773 171 / 065  0.04 1.5 27 / [52]
66 2.33 / 0.65  0.04 2.7 27 /
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58 2.61 / 0.65  0.04 3.4 27 /
91.5  1.92 / / 0.04 1 27 / [53]
53 245 265 / / 1 25 50 [54]
67 3.07  2.65 / / 1 25 50
814 381 265 / / 1 25 50
185 0259 2.6 0.9 / 1 25 / [55]
287 0.4l 2.6 0.99 / 1 25 /
33 0.48 2.6 0.99 / 1 25 /
413 0578 2.6 0.99 / 1 25 /
787  1.101 26 0.99 / 1 25 )
82.5 1.4 235 094 0.4 1 15 12 [56]
87 259 235  0.94 0.4 2 15 12
945 551 235 094 0.4 4 15 12
92 798 235  0.94 0.4 6 15 12
895 9.2 235 094 0.4 7 15 12
574 277 3.2 / 0.067 5 14 / [57]
/ 1.56 3.2 0.92 0.6 1 24 50  [58]
934  1.68 3.2 0.92 0.6 15 24 50
64.1 094 32 / 0.3 1 20 / [59]
894  1.77 / 0968 0.1 1 / / [60]
91.3 1.96 / 0.99 0:1 1 / /
87 1.89 / 0.955/ _0.246 1 26 50  [61]
93 3.9 / 0.955 -0.246 2 26 50
98 5.9 / 0:955+  0.246 3 26 50
944  2.08 1.3 . 0.962 / 1 / 50  [62]
94.4 2.2 1.3 . 0978 / 1 / 50
100 1.61 / 0.94 0432 1 25 50  [63]
85.3 1.36 1.7 097 035 1 27.3 50 [64]
84 2.7 17 097 035 2 27.3 50
87 42 1.7 097 035 3 27.3 50
83 5.2 1.7 097 035 4 27.3 50
84 6.6 1.7 097 035 5 27.3 50
955 253 / / / 1 23 40 [65]
887 207 . 189 092 / 1 25 50  [66]
935 1.0l 1 0969  0.02 0.5 25 40  [67]
953 206 1 0969  0.02 1 25 40
95.9  3.11 1 0969  0.02 1.5 25 40
96.5  4.17 1 0969  0.02 2 25 40
96.6 522 1 0969  0.02 2.5 25 40
96.7 627 1 0969  0.02 3 25 40
59 1.25 2.8 0.93 / 1 25 40 [68]
722 142 267 0965 / 1 25 /
67.5 131 .19  0.96 / 1 25 /
91 1.76 / / / 1 25 15 [69]
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/ 1.4 3 0.95  0.04 1 / / [70]
848 137 3 0.9 0.04 1 / /
91.5 3.7 3 0.9 0.04 3 / /
92 5.5 3 0.9 0.04 5 / /
72 1.14 / / / 1 30 72 [71]
94 1.525 / 0.95 / 1 / / [72]
756  3.63 2.4 / / 3 25 50  [73]
935  1.16 2.1 / / 1 / / [74]
95 2.3 0.47 / / 1 25 55 [75]
96.6  1.54 1.7 / / 1 / / [76]
85 1.21 1,7 086  0.17 1 25 50  [77]
92 1.917 / / / 1 / / [78]
93.8  1.62 / 0.97 / 1 22 50  [79]
90.4  1.64 / 0.95 0.4 1 28 Nan  [80]
78 3.4 / 0.72 / 3 / / [81]
82 2.6 / 0.967 / 1 / 30 [82]
36 1.2 0.3 0.99 0.2 2 28 60  [83]
54 1.74 0.3 0.99 0.2 2 28 60
58 1.85 0.3 0.99 0.2 2 28 60
42 1.3 0.3 099 0,08 2 28 60
59 1.91 0.3 0.99 _ (0.08 2 28 60
63 2.02 0.3 0.99 *10.08 2 28 60
50 1.6 0.3 0.99. ~ 0.06 2 28 60
64 2.06 0.3 0.99  0.06 2 28 60
69 2.19 0.3 0.99  0.06 2 28 60
813 226 2 / / 2 22 50 [84]
913  2.59 2 / / 2.5 22 50
90 3.6 0.1 / 0.06 1 26 30 [85]
65 2.5 0.1 / 0.06 1 26 30
78 3 0.1 / 0.06 1 26 30
74 2.6 0.1 / 0.06 1 26 30
67 2.3 0.1 / 0.06 1 26 30
92 3 1.6 0.92 / 1 18 60  [86]
28 0.36 1.3 0.97 / 0.4 26 60  [87]
59 0.75 1.3 0.97 / 0.6 26 60
79 119 1.3 0.97 / 0.8 26 60
93 1.66 1.3 0.97 / 1 26 60
81 1.18 / 087  0.05 1 22 60  [88]
85 2.48 / 087  0.05 2 22 60
91 5.27 / 087  0.05 4 22 60
62 495  2.07 / / 1 22 60  [89]
0.64 153 288 / 0.05 1 22 60  [90]
80 1.17 1.5 091  0.05 1 22 60  [91]



87 2.53 1.5 091  0.05 2 22 60
92 5.28 1.5 091 0.5 4 22 60
80 1.12 1.5 0.94  0.56 1 22 50  [92]
67 0.46 / 0.9 0.03 0.5 26 60  [93]
76 1.62 / 0.9 0.03 1.5 26 60
78 2.18 / 0.9 0.03 2 26 60
90 1.52 0.9 0.95 / 1 26 60  [94]
31 0.5 1.6 0.27 / 1 25 60 « [95]
36 0.58 1.6 0.56 / 1 25 60
48 0.76 1.6 0.87 / 1 25 60
55 0.88 1.6 0.91 / 1 25 60
62 0.99 1.6 0.95 / 1 25 60
92 132 112 0.86 / 1 28 40  [96]
90 384 112 087 / 3 28 40
92 626  1.12 087 / 5 28 40
97 1.55 1.2 0.84 / 1 26 40  [97]
83 1.44 1.2 0.96 / 1 26 40
87 1.4 1.1 0.95 / 1 25 60  [98]
73 1.68  1.12  0.99 / 1 22 30 [99]
84 1.27 0.8 0.9 / 1 22 40 [100]
84 3.87 0.8 0.9 / 3 22 40
84 6.61 0.8 0.9 / 5 22 40
75 1.88 138 099 ~0.03 1 22 30 [101]
79 395 138 099 0.3 1 22 30
79 565 138 . (099  0.03 1 22 30
92 2.46 1.7 095  0.06 1 26 52 [102]
94 1.57 1.5 0.9 0.04 1 25 50 [103]
82 1.39 15 087  0.04 1 25 50
84 1.42 15 0.85  0.04 1 25 50
71 1.23 1.5 0.82  0.04 1 25 50
68 1,79 122 095 / 1 23 30 [104]
95 235 ~ 122 097 / 1 23 30
70 175+ 122 0.93 / 1 23 30
64 158 /122 0.89 / 1 23 30
4 084 122 0.8 / 1 23 30
85 178 1.8 097 047 1 25 40 [105]
81 1.23 1.8 091 047 1 25 40
97 217 135 078  0.05 1 25 60  [106]
66 0.98 / 0.71 / 1 22 60  [107]
90 1.5 1.2 0.91 0.6 1 21 50 [108]
42 0.77 1.2 0.62 0.6 1 21 50
73 1.25 1.2 0.73 0.6 1 21 50
81 1.37 1.2 0.78 0.6 1 21 50
85 1.43 1.2 0.87 0.6 1 21 50




84 186 226 095  0.12 1 25 65  [109]
78 218 226 095  0.12 1 25 65
93 225 226 095  0.12 1 25 65
80 205 226 095  0.12 1 25 65
76 113 226 095  0.12 0.5 25 65
94 3.1 226 095  0.12 1.5 25 65
96 419 226 095  0.12 2 25 65
96 516 226 095  0.12 3 25 65
97 671 226 095 0.2 4 25 65
97 827 226 095  0.12 5 25 65
93 1,78 1.92 095 022 1 22 49°  [110]
95 2.5 1.92 095 022 1.5 22 49
97 336 192 095 022 2 22 49
89 1.36 1.3 0.89  0.05 1 22 60  [111]
88 4 1.3 0.89  0.05 3 22 60
89 6.8 1.3 089  0.05 5 22 60
76 0.84 1.7 0.98 / 0.5 23 65  [112]
96 1.58 1.7 0.98 / 1 23 65
86 2.11 1.7 0.98 / 1.5 23 65
89 2.7 1.7 0.98 / 2 23 65
86 1.36 1.7 0.98 / 1 23 65
60 0.96 1.7 0.98 / 1 23 65
90 134 311 095 0.06 1 25 60  [113]
90 234 311 095 0.06 1 25 60
99 2.82 2.1 0.95  0.05 1 35 6 [114]
97 1.67 045+ 0.99 / 2 25 50 [115]

Table S2. Optimized hyperparameters of four models for predicting ER.

GBDT

n_estimators = 200
learning_rate = (.25,
max_depth = 3,

random_state=42

SVM

C=2,
gama =0.1,

kernel = ‘linear’

XGBT

n_estimators = 120,
learning_rate = 0.2,
max_depth =35,

random_state=35

VR

n_estimators = 100,
weight gb=2,
weight svm =1,
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weight xgb =4

random_state=35

Table S3. Optimized hyperparameters of four models for predicting EE.

n_estimators = 180,
learning_rate = 0.2,

GBDT
max_depth =5,

random_state=42

C=o,
SVM gama = 1,
kernel = ‘rbf’

n_estimators =200,

learning_rate.=0.2,
XGBT -
max_depth =5,

random_state=35

n_estimators = 120,
weight gb=1,

VR weight svm = 6,

weight xgb =2

random_state=35

Table S4. Thermal conductivity.of MCE membrane

S Ambient temperature Thermal conductivity
ample

°C W/(m K)
MCE membrane 25 0.07326

Table S5. RMSE, MAE; R? of predicted ER for each model on training sets.

ML Models RMSE MAE R?

VR 0.1818 +£0.0343 0.3012+£0.012 0.9670 = 0.0061
XGBT 0.2096 +0.0541 0.3302 +0.0936 0.9620 + 0.01
GBDT 0.2732 +0.0085 0.3404 + 0.0062 0.9504 = 0.0078
SVM 0.2180+0.0316 0.4939 + 0.0358 0.8697 + 0.0327

35



Table S6. RMSE, MAE, R? of predicted ER for each model on test sets.

ML Models RMSE MAE R?

VR 0.3101 £0.0153 0.3756 £ 0.0173 0.9337 +£0.0033
XGBT 0.3260 + 0.0376 0.3927 +£0.0166 0.9225 +0.0191
GBDT 0.5530 +0.0318 0.4952 + 0.0325 0.8960 + 0.0107
SVM 0.6188 +0.0126 0.6155 +0.0072 0.8708 +£.0.0031

Table S7. RMSE, MAE, R? of predicted EE for each model on training sets.

ML Models RMSE MAE R?

VR 0.0021 + 0.0001 0.0283 + 0.001 0.9082 + 0.006
XGBT 0.0039 + 0.0003 0.043 £0.0052 0.8302 +0.0113
GBDT 0.0028 £ 0.0016 0.0302 £0.0015 0.8641 + 0.0097
SVM 0.0018 + 0.0008 0.0196 + 0.0027 0.9087 + 0.0011

Table S8. RMSE, MAE, R? of predicted EE for each model on test sets.

ML Models RMSE MAE R?

VR 0.0096.+0.0001 0.0735 + 0.0003 0.5984 + 0.0011
XGBT 0.0106+ 0.0004 0.0765 + 0.0031 0.5598 + 0.0221
GBDT 0:0108 + 0.0002 0.0781 + 0.0053 0.5511 £0.0161
SVM 0.0076 + 0.0001 0.0655 + 0.0003 0.6240 + 0.0038

1.1 Programming languages of ML and the core software

AI'ML'models were implemented in Python, installing Python 3 and packages (Numpy,
Pandas, Scipy, Scikit-learn, Shap, Matplotlib, and Interpreter).

Open source software libraries lists:
(1) Voting Regression (VR) model
https://scikit-learn.org/stable/modules/ensemble.html
https://github.com/scikit-learn/scikit-learn
https://scikit-learn.org/stable/modules/ensemble.html
(2) Extreme gradient boosting (XGBT) model
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https://github.com/dmlc/xgboost

https://xgboost.readthedocs.io/

(3) Gradient Boosting Decision Tree (GBDT) model
https://github.com/liudragonfly/GBDT
https://github.com/yarny/gbdt
https://scikit-learn.org/stable/modules/ensemble.html
(4) Support vector machines (SVM) model
https://github.com/xinlianghu/svm
https://github.com/AFAgarap/cnn-svm

1.2 Characterizations

The crystal structure was measured by X-ray diffraction spectroscopy (XRD, Holland
Panalytical PRO PW3040/60). The elemental composition and atomic ratios were
characterized by X-ray photoelectron spectroscopy (XPS, Thermo Scientific K-Alpha). The
surface temperature of membranes was taken by an infrared thermal imager (FLTR E95).
The band gap was measured using an ultraviolet-visible-near-infrared spectrophotometer
(Shimadzu UV-3600i Plus). Raman spectral. data were measured using a Raman
spectrometer (Horiba LabRAM HR Evolution, Japan). Scanning electron microscopy (SEM)
images were acquired using a Zeiss GeminiSEM 500 field-emission scanning electron
microscope (FESEM). EPR measurements were performed on a Bruker ELEXSYS E580
X-band spectrometer with an ER4108 TMHS cavity. TEM images were acquired on a FEI

Talos F200X transmission electron microscope.

1.3 Solar evaporation experiments

In solar steam'generation experiment, a beaker containing 180 mL of distilled water
was used as the container. The membrane evaporator was installed, supported by foam
wrapped with. dust-free paper. The entire setup was placed on an electronic balance
(Sartorius BSA224S) to continuously monitor and record the mass change of the distilled
water due to evaporation. Subsequently, the beaker was exposed to a 500 W xenon lamp
equipped with asstandard AM 1.5 G filter to conduct the evaporation experiment. The
simulation of solar radiation intensity was measured using an optical power meter (CEL-
NP2000-2). Every 10 minutes, surface temperature and mass changes of the membranes
were recorded with an infrared camera (FLIR E95) and an electronic balance.

The solar evaporation efficiency (n, %) was calculated using the following equations:

_ mAH

77 -
C,.P

(S
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AH=H,+Q (S2)

O=c¢(T-T) (S3)

T 2
H, =191846x10° x| ———— S4
g [T—33.91} ¢4

where 1 is the evaporation rate (kg m2h'), m= mlight My mligh[ and M4 are the

solar water evaporation rate under the sunlight and dark conditions, respectively. Copis the
optical concentration. P is the incident solar power (1 kW m, one sun). ~4AH is the liquid-
vapor phase change enthalpy, Hy is the phase-change enthalpy (J kg!),’and Qs the sensible
heat of water. 7 is the surface temperature of solar evaporators, 77 is.the initial temperature
of the water, and c is the specific heat of water (4.2 J g'! K'!). In this work, only the phase-

change enthalpy is considered when calculating the evaporation efficiency.

P35, 2TI0,B00°C TI0,500°C Tio,-700C

£ EE

Fig. S1. Four different prepared samples. Fig. S2. HR-TEM image of 700 °C.
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Appendix B: Validating machine learning model stability

To verify the ML model's stability, I have repeated the experimental model multiple
times (recommended 10 times) and present the data appropriately and quantitatively

analysed the performance metrics (RMSE, MAE, R?) as shown in the following Tables R I

Table R1. RMSE, MAE, R? of predicted ER for VR model on training sets.

Number RMSE MAE R?
1 0.2087 0.3219 0.9558
2 0.1951 0.3129 0.9583
3 0.1625 0.2994 0.9642
4 0.1706 0.3012 0.9627
5 0.191 0.3075 0.959
6 0.1416 0.2923 0.968
7 0.2272 0.3206 0.9524
8 0.2283 0.2908 0.9704
9 0.1457 0.2932 0.9672
10 0.1373 0.2915 0.9688
Mean 0.1818 0.3012 0.9670
Standard deviations 0.0343123 0.0119856 0.0060904

Table R2. RMSE, MAE, R? of predicted ER for VR model on test sets.

Number RMSE MAE R?

1 0.3345 0.4015 0.9284

2 0.3305 0.3984 0.9293

3 0.3174 0.3795 0.9321

4 0.2978 0.3603 0.9364

5 0.3044 0.3718 0.9349

6 0.2956 0.3599 0.9369

7 0.3244 0.3965 0.9306

8 0.305 0.3673 0.9348

9 0.2944 0.3598 0.9371

10 0.2974 0.3607 0.9365
Mean 0.31014 0.37557 0.9337
Standard deviations 0.0152647 0.0172505 0.00332

Table R3. RMSE, MAE, R? of predicted EE for VR model on training sets.

Number RMSE MAE R?
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1 0.002 0.0279 0.9128
2 0.002 0.0275 0.9136
3 0.0022 0.029 0.9039
4 0.0021 0.0286 0.9057
5 0.0022 0.0289 0.9038
6 0.0022 0.0292 0.9021
7 0.0022 0.0295 0.9005
8 0.0021 0.0282 0.9084
9 0.002 0.0276 0.9117
10 0.0018 0.0263 0.9191
Mean 0.00208 0.02827 0.90816
Standard deviations 0.0001317 0.000971 0.0059815

Table R4. RMSE, MAE, R? of predicted EE for VR model on test sets.

Number RMSE MAE R?

1 0.0097 0.0742 0.592
2 0.0097 0:0743 0.593
3 0.0096 0.0735 0.5938
4 0.0096 0.073 05942
5 0.0096 0.0738 0.5943
6 0.0096 0.0736 0.5944
7 0.0096 0.0735 0.5944
8 0.0096 0.0739 0.5947
9 0.0096 0.0739 0.5949
10 0.0096 0.0736 05961

Mean 0.0096 0.0735 0.5984

Standard deviations ~ 40.0000421637 0.000283 0.0010993

Table R5. RMSE, MAE, R? of predicted ER for XGBT model on training sets.

Number RMSE MAE R?

1 0.3018 0.4412 0.947

2 0.133 01985 0.9776

3 0.1338 0.2007 0.9775

4 0.2236 0.3949 0.9594

5 0.2208 0.3797 0.9635

6 0.2267 0.3821 0.9625

7 0.2463 0.3994 0.9549

8 0.228 0.3829 0.9553

9 0.2381 0.3427 0.9598

10 0.151 0.2058 0.9716

Mean 0.2096 0.3302 0.9620
Standard deviations 0.0541 0.0936 0.01
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Table R6. RMSE, MAE, R? of predicted ER for XGBT model on test sets.

Number RMSE MAE R?

1 0.3327 0.402 0.9275

2 0.2772 0.3689 0.9396

3 0.2704 0.4142 09411

4 0.3677 0.4095 0.9199

5 0.3477 0.3906 0.9206

6 0.3526 0.3865 0:8796

7 0.3567 0.3921 0.9036

8 0.3452 0.3863 0.9295

9 0.3372 0.4105 0.9227

10 0.2727 0.3667 0.9412
Mean 0.326 0.3927 0.9225
Standard deviations 0.0376 0.0166 0.0191

Table R7. RMSE, MAE, R? of predicted EE for XGBT model on training sets.

Number RMSE MAE R?

1 0.0037 0.0442 0.8404

2 0.0044 0.0486 0.8419

3 0.0038 0.0411 0.8585

4 0.0037 0.0442 0.8693

5 0.0035 0.0306 0.8761

6 0.0036 0.0417 0.8752

7 0.0043 0.0471 0.8571

8 0.0038 0.0405 0.8612

9 0.0043 0.0478 0.8505

10 0.0039 0.0437 0.8526
Mean 0.0039 0.043 0.8302
Standard deviations 0.0003 0.0052 0.0113

Table'R8. RMSE; MAE, R? of predicted EE for XGBT model on test sets.

Number RMSE MAE R?
1 0.0101 0.0746 0.5797
2 0.0109 0.0785 0.5406
3 0.0104 0.0715 0.5242
4 0.0101 0.0746 0.5793
5 0.0098 0.0725 0.5957
6 0.0108 0.0796 0.5525
7 0.011 0.0767 0.5626
8 0.0111 0.0811 0.5409
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9 0.0108

10 0.0105
Mean 0.0106
Standard deviations 0.0004

0.0779
0.0742
0.0765
0.0031

0.5511
0.543
0.5598
0.0221

Table R9. RMSE, MAE, R? of predicted ER for GBDT model on training sets.

Number RMSE MAE R?
1 0.2807 0.354 0.9486
2 0.2528 0.3296 0.9537
3 0.2398 0.3251 0.9542
4 0.295 0.3549 0.9461
5 0.3136 0.3905 0.9537
6 0.2353 0.3336 0.9514
7 0.2766 0.3325 0.9476
8 0.2655 0.336 0.9514
9 0.2671 0.3402 0.9505
10 0.2589 0.3191 0.9661
Mean 0.2785 0.3416 0.9503
Standard deviations 0.0332 0.0206 0.008
Table R10. RMSE, MAE, R? of predicted ER for GBDT model on test sets.
Number RMSE MAE R?
1 0.5068 0.4464 0.91
2 0.5541 0.5137 0.8898
3 0.5732 0.5103 0.8856
4 0.5178 0.4801 0.8976
5 0.6047 0.5344 0.8788
6 0.5509 0.5045 0.8904
7 0.6301 0.5581 0.8733
8 0.6106 0.462 0.8992
9 0.5657 0.4849 0.8951
10 0.5485 0.4968 0.8975
Mean 0.5562 0.4991 0.8907
Standard deviations 0.0398 0.033 0.0091

Table R11. RMSE, MAE, R? of predicted EE for GBDT model on training sets.

Number RMSE MAE R?
1 0.0034 0.0339 0.8545
2 0.0028 0.03 0.8708
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3 0.0027 0.0302 0.8653

4 0.0028 0.0302 0.8766

5 0.003 0.0313 0.8703

6 0.0027 0.0297 0.8615

7 0.0029 0.0308 0.8727

8 0.0027 0.0309 0.8752

9 0.0027 0.0302 0.8531

10 0.0027 0.0306 0.8593

Mean 0.0028 0.0308 0.8642
Standard deviations 0.0002 0.0012 0.0085

Table R12. RMSE, MAE, R? of predicted EE for GBDT model on test sets.
Number RMSE MAE R?

1 0.0106 0.073 0.538

2 0.0104 0.0745 0.5462

3 0.0109 0.0685 0.5685

4 0.0103 0.0727 0.5501

5 0.0105 0.0742 0.5426

6 0.0109 0.0705 0.5631

7 0.0102 0.0712 0.5579

8 0.0101 0.071 0.5616

9 0.0099 0.0678 0.5723

10 0.010 0.0689 0.5697

Mean 0.0108 0.0781 0.5511
Standard deviations 0.0003 0.0024 0.0121

Table R13. RMSE, MAE;R? of predicted ER for SVM model on training sets.

Number RMSE MAE R?

1 0.216 0.4909 0.8928

2 0.2179 0.4855 0.8925

3 0.217 0.4906 0.8927

4 0.2135 0.4943 0.8933

5 0.2133 0.4961 0.8933

6 0.2153 0.4968 0.8916

7 0.2121 0.4929 0.8961

8 0.2146 0.4975 0.8912

9 0.2198 0.4876 0.8935

10 0.2173 0.4912 0.8937
Mean 0.2180 0.4939 0.8697
Standard deviations 0.0024 0.004 0.0013
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Table R14. RMSE, MAE, R? of predicted ER for SVM model on test sets.

Number RMSE MAE R?

1 0.6058 0.6088 0.8705

2 0.6134 0.6048 0.8689

3 0.6013 0.607 0.8715

4 0.6282 0.617 0.8657

5 0.6357 0.6195 0.864

6 0.6128 0.6067 0:8689

7 0.6305 0.6158 0.8672

8 0.6185 0.6029 0.8651

9 0.6243 0.6102 0.8696

10 0.6131 0.6079 0.8703
Mean 0.6184 0.61 0.8682
Standard deviations 0.0112 0.0055 0.0025

Table R15. RMSE, MAE, R? of predicted EE for SVM model on training sets.

Number RMSE MAE R?
1 0.0019 0.0221 0.91

2 0.0018 0.0175 09122

3 0.0019 0.022 0.9101

4 0.0018 0.0175 09122

5 0.0018 0.0175 09112

6 0.0018 0.0175 09122

7 0.0019 0.022 0.9106

8 0.0018 0.0175 09115

9 0.0019 0.022 0.9105

10 0.0018 0.0175 09122

Mean 0.0018 0.0193 09113

Standard deviations 0.0001 0.0023 0.0009

Table'R16. RMSE, MAE, R? of predicted EE for SVM model on test sets.

Number RMSE MAE R?
1 0.0076 0.0715 0.6272
2 0.0077 0.0721 0.6217
3 0.0076 0.0715 0.6271
4 0.0078 0.0657 0.6171
5 0.0078 0.0656 0.6181
6 0.0077 0.0649 0.6248
7 0.0076 0.0653 0.6237
8 0.0076 0.0647 0.6265
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9 0.0077 0.0653 0.6189

10 0.0078 0.0656 0.6186
Mean 0.0077 0.0651 0.6240
Standard deviations 0.0001 0.0005 0.004

To clarify integration weights, I would like to provide quantitative data to clarify the
weight determination method for the voting regressor, as shown in Tables 2(). The
weights for each base model in the voting regressor were determined based ‘on their
performance on the validation set (specifically, the R?). The voting regressor was configured
as a soft voting ensemble using the voting regressor class from scikit-learn, with weights
set proportional to each model’s cross-validated R? score. The tables R show the

cross-validation R? values and assigned weights for each base model.

Table R17. RMSE, MAE, R? of predicted ER for VR model on training sets based on
different weights of each model.

Weights of each model RMSE MAE R?

(SVM:XGBT:GBDT)
5:8:5 0.2187 0.2919 0.9558
1:2:2 0.2051 0.2829 0.9583
1:5:5 0.1725 0.2694 0.9642
1:5:7 0.1806 0.2712 0.9627
1:5:10 0.201 0.2775 0.959
1:10:5 0.1516 0.2623 0.968
1:2:10 0.2372 0.2906 0.9524
1:10:2 0.2383 0.2608 0.9704
1:10:6 0.1557 0.2632 0.9672
1:10:4 0.1473 0.2615 0.9688
Mean 0.1908 0.27313 0.96268

Standard deviations 0.0343123 0.0119856 0.0060904

Table R18. RMSE, MAE, R? of predicted ER for VR model on test sets based on different
weights of each model.

Weights of each model RMSE MAE R?

(SYM:XGBT:GBDT)
5:8:5 0.3345 0.4015 0.9284
1:2:2 0.3305 0.3984 0.9293
1:5:5 0.3174 0.3795 0.9321
1:5:7 0.2978 0.3603 0.9364
1:5:10 0.3044 0.3718 0.9349
1:10:5 0.2956 0.3599 0.9369
1:2:10 0.3244 0.3965 0.9306
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1:10:2 0.305 0.3673 0.9348

1:10:6 0.2944 0.3598 0.9371
1:10:4 0.2974 0.3607 0.9365
Mean 0.31014 0.37557 0.9337
Standard deviations 0.0152647 0.0172505 0.00332

Table R19. RMSE, MAE, R? of predicted EE for VR model on training sets based.on
different weights of each model.

Weights of each model RMSE MAE R2

(SVM:XGBT:GBDT)
4:2:15 0.002 0.0279 0.9128
2:1:2 0.002 0.0275 0.9136
3:1:6 0.0022 0.029 0.9039
3:1:9 0.0021 0.0286 0.9057
3:1:13 0.0022 0.0289 0.9038
4:1:13 0.0022 0.0292 0.9021
4:1:14 0.0022 0.0295 0.9005
4:1:15 0.0021 0.0282 0.9084
4:1:16 0.002 0.0276 0.9117
5:1:16 0.0018 0.0263 0.9191
Mean 0.00208 0.02827 0.90816

Standard deviations 0.0001317 0.000971 0.0059815

Table R20. RMSE, MAE, R? of predicted EE for VR model on test sets based on different
weights of each model.

Weights of each model RMSE MAE R?

(SVM:XGBT:GBDT)
4:2:15 0.0076 0.0632 0.722
2:1:2 0.0076 0.0633 0.723
3:1:6 0.0075 0.0625 0.7238
3:1:9 0.0075 0.063 0.7242
3:1:13 0.0075 0.0628 0.7243
4:1:13 0.0075 0.0626 0.7244
4:1:14 0.0075 0.0625 0.7244
4:1:15 0.0075 0.0629 0.7247
4:1:16 0.0075 0.0629 0.7249
5:1:16 0.0075 0.0626 0.7261
Mean 0.00752 0.06283 0.72418

Standard deviations 0.0000421637 0.000283 0.0010993
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Appendix C: Experimental Process.

Fig. B1. Experimental tests of solar-water evaporation.
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Appendix D: 3 T % b4k R B ST AL B 22 S H R IR (A
Python EEHRE, BEFAREZ R LT

1. ¥ 22 EEAMCEGRKIE 2.py
#HEEGRRMERR

import numpy as np  #%2% numpy JEH TR HE

import pandas as pd  #%3% pandas FEINEEIE, A H numpy ST EUEEEE
from sklearn.experimental import enable_iterative_imputer

from sklearn.impute import Iterativelmputer

from sklearn.linear_model import BayesianRidge

pd.set_option('display.max_rows', None)
pd.set_option('display.max_columns', None)

filename = " ARG I ERARHRFAE B ICER (28 ) csv!
data = pd.read_csv(filename,encoding="'gbk') #hnEA A
print(data.head()) #AE R

print(data.describe())

print(data.info())

print(data.shape)

# ¥4 DataFrame ¥4 5 NumPy %4l

#datal = data.drop(['WOEHEL SRR axis=1)  #E [ BOCRRL SRR B AR E
datal = data.replace({pd.NaT:np.nan})

data2 = datal.to_numpy()

# HIUH1L I1terativelmputer
imputer = Iterativelmputer(BayesianRidge(), max_iter=10)

# SO Bl A Rl A ) R

imputed_data =.imputer.fit_transform(data2)

# P dE A OB s % #62[7] Pandas DataFrame

imputed- df = pd.DataFrame(imputed_data, columns=datal.columns)

imputed_df.to_csv(' 3-SR4 #M B 45 .csv', index=False,encoding="gbk')

2. GBDT_model_training_bestl.py
# GBDT-ER BRIZRMEF — - 2R R R RE R B KPLER %S

import numpy as np
import pandas as pd
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from sklearn.model_selection import train_test_split,cross_val_score

from sklearn.metrics import mean_squared_error,mean_absolute_error,r2_score
from sklearn.ensemble import GradientBoostingRegressor

from sklearn.model_selection import KFold

from sklearn.model_selection import GridSearchCV

from skopt import gp_minimize

from skopt.space import Real, Integer

from sklearn.preprocessing import StandardScaler

from matplotlib import pyplot as plt

plt.rcParams['font.family'] = ['Microsoft YaHei']
plt.rcParams|['axes.unicode_minus'] = False # IEffiER S

AN Er

filename = "~ ARG # NS .csv!

df = pd.read_csv(filename,encoding="'gbk’)

df2 = df.iloc[:,range(7)]

data = df.iloc[;,[2,3,4,5,6,7]] # /T 5 22 HI A4 BHFAIE
target = df.iloc[:,[0,1]] #Fi 1f 7% %)

#targetl = df.iloc[:,0]

#target2 = df.iloc[:,1]

X = data.values

#Y 1 =targetl.values
HY 2 =target2.values
Y = target.values

#bREAC R, A HRRAE

X = StandardScaler().fit_transform(X)

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=10)
Y train_1=Y_train[:,0]

Y train_2 = Y_train[:,1]

Y_test_1=Y_test[:,0]

Y test 2=Y test[:,1]

# B AL R TR A5 Y
gh_reg = GradientBoostingRegressor()

# & SGESHHE R A

param_space = {
'n_estimators': Integer(50, 300),
'learning_rate': Real(0.01, 0.3),
'max_depth': Integer(2, 5),
'alpha': Real(0.5, 0.9),
'min_samples_split": Integer(2, 10),
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'min_samples_leaf': Integer(2, 10),

# A SR AR

dimensions = [
param_space['n_estimators'],
param_space['learning_rate'],
param_space['max_depth'],
param_space['alpha'],
param_space['min_samples_split'],
param_space['min_samples_leaf'],

]

# 78 SCUUHHRCAL H b ek 2

def objective(params):
n_estimators = params[0]
learning_rate = params[1]
max_depth = params|[2]
alpha = params|3]
min_samples_split = params[4]
min_samples_leaf = params[5]

model = GradientBoostingRegressar(
n_estimators=n_estimators,
learning_rate=learning_rate,
max_depth=max_depth,
alpha=alpha,
min_samples_split=min_samples_split,
min_samples_leaf=min_samples_leaf,
random_state=42

)

#il| Zr Y

# AT A ERAE PR, Xof T Bl 3 [ A FH 4735 7 DR AR A PR o0 st
scores = cross_val_score(model, X_train, Y train_2,
scoring='neg _mean_squared_error')
# R B GER0EL N gp_minimize Sl /ME B b R %L

return -scores.mean()

# AT DAL AL

res = gp_minimize(
objective,
dimensions,
n_calls=300,
random_state=42,
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n_jobs=-1

best_params = {
'n_estimators': res.x[0],
'learning_rate": res.x[1],
'max_depth': res.x[2],
'alpha': res.x[3],
'min_samples_split": res.x[4],
'min_samples_leaf": res.x[5],

print("f FEHZ4L: ", best_params)

# A R AEESEOI A

best_model = GradientBoostingRegressor(
n_estimators=best_params['n_estimators'],
learning_rate=best_params['learning_rate'],
max_depth=best_params['max_depth'],
alpha=best_params['alpha'],
min_samples_split=best_params['min_samples_split'],
min_samples_leaf=best_params['min_samples_leaf'],
random_state=42

)

best_model.fit(X_train, Y_train_2)
# A B AR AR AT TR0

# YN ZREE T

y_train_pred2 = best_model.predict(X_train)

# W E A B T

predictions_2 = best_model.predict(X_test)

#result = pd.DataFrame([predictions_2, Y_test_2])
#result.to_csv('GBDT_PT_2.csv',index=False,encoding="gbk’)

i BN ZREE B MSE FIT MAE, PR AR 7R 14 R

train_mse = mean_squared_error(Y_train_2,y_train_pred2)
train_mae = mean_absolute_error(Y_train_2,y_train_pred2)
train_r2 =r2_score(Y_train_2,y_train_pred2)

# T EIAEE R MSE AT MAE
test_mse = mean_squared_error(Y_test_2, predictions_2)
test_mae = mean_absolute_error(Y_test_2, predictions_2)
test_r2 =r2_score(Y_test_2,predictions_2)
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print(" Yl ZRE0E 1Y) MSE:", train_mse)
print("YIZREHE ] MAE:", train_mae)
print(" Yl ZREHE 1) R2:", train_r2)
print("MIAZHE (K] MSE:", test_mse)
print("MIAZHE K] MAE:", test_mae)
print("MIAZHE 1) R2:", test_r2)

# 25 1A TR M R 3

plt.figure(figsize=(12,10))

plt.plot([0,17], [0,17], color="black’,linewidth=1,label='best line')
plt.scatter(Y_train_2, y_train_pred2,label="train data',color="lightblue',s=80)
plt.scatter(Y_test_2, predictions_2,label="test data',color='lightcoral',s=80)
plt.xlabel('True',fontsize=30,fontweight="'bold')
plt.ylabel('Predicted’,fontsize=30,fontweight="'bold')
plt.title('GBDT',fontsize=24,fontweight="'bold')

plt.legend(fontsize=20)

plt.xticks(fontsize=20,fontweight="'bold')
plt.yticks(fontsize=20,fontweight="'bold')

ax = plt.gca()

ax.spines['bottom'].set_linewidth(3)

ax.spines['left'].set_linewidth(3)

ax.spines['top'].set_linewidth(3)

ax.spines['right'].set_linewidth(3)

plt.show()

3. SVM_model_training_bestl.py
# SVM-ER BRI ZRRRF — 4 SRR B R R BRIP4 % >

import numpy as np

import pandas as pd

from sklearn.model_selection import train_test_split,cross_val_score

from sklearn.metrics'import mean_squared_error,mean_absolute_error,r2_score
from sklearn.svm import SVR

from:sklearn.model_selection import KFold

from sklearn.model_selection import GridSearchCV

from hyperopt import hp, fmin, tpe, Trials

from sklearn.preprocessing import StandardScaler

from matplotlib import pyplot as plt

plt.rcParams['font.family'] = ['Microsoft YaHei']
plt.rcParams|['axes.unicode_minus'] = False # iR~

N E
filename = "} SR IE MG . csv!
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df = pd.read_csv(filename,encoding="'gbk’)
df2 = df.iloc[:,range(7)]

data = df.iloc[;,[2,3,4,5,6,7]]

target = df.iloc[:,[0,1]]

#targetl = df.iloc[:,0]

#target2 = df.iloc[:,1]

X = data.values

#Y_1 =targetl.values

H#Y_2 =target2.values

Y = target.values#r EALEL A

X = StandardScaler().fit_transform(X)

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2,.random_state=10)
Y _train_1=Y_train[:,0]

Y _train_2 =Y_train[:,1]

Y _test_1=Y_test[:,0]

Y _test 2=Y_test[:1]

# AN T3 A SRR
#kf = KFold(n_splits=5, shuffle=True, random_state=100)

# A7 SVM fR 7Y
svm = SVR()

# E SUBZ IR R 2]

space = {
'C": hp.loguniform('C', np.log(1e-3), np.log(1e3)), # IEN{bZS%
'epsilon': hp.loguniform('epsilon’, np.log(1e-3), np.log(1e3)), #¢e- ABURE H % &
'gamma': hp.loguniform('gamma’, np.log(le-3), np.log(1e3)), # ZERAEH] REL
'kernel': hp.choice(kernel', ['linear’, 'poly’, 'rbf', 'sigmoid']) # % RERM

}

# & L HbRERE
def objective(params):
params = {
'C's params|['C'],
'epsilon': params|['epsilon'],
'gamma’: params['gamma’],
'kernel': params['kernel']

}

# A5 FH S8 IR R PPAL AR R 1 g
model = SVR(**params)
scores = cross_val_score(model, X_train, Y_train_2, cv=>5, scoring="r2') # f#iJj R °F*
T RNV R bR
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loss = -np.mean(scores) # [N hyperopt &M T &/ME B rek%, FrLAEUGUE
return loss

# izA7 il
trials = Trials()
best = fmin(
fn=objective,
space=space,
algo=tpe.suggest,
max_evals=50, # i NIEIREL
trials=trials

)

# R EES
best_kernel = ['linear’, 'poly’, 'rbf', 'sigmoid'][best['kernel']]
best_params = {
'C": best['C'],
'epsilon': best['epsilon'],
'gamma’': best['gamma’],
'kernel': best_kernel
}
print("fx FEHEZ4: ", best_params)

# Al T RS HON R A A
best_model = SVR(**best_params)

# A B AR AR AT TR0
best_model.fit(X_train, Y:train_2)

# YN ZREE T

y_train_pred2 = best model.predict(X_train)

# A ) T

predictions_2 = best_ model.predict(X_test)

#result =pd.DataFrame([predictions_2, Y_test_2])
#result.to_csv('GBDT_PT_2.csv',index=False,encoding="gbk’)

#UH N ZR B 1) MSE AT MAE

train_mse = mean_squared_error(Y_train_2,y train_pred?2)
train_mae = mean_absolute_error(Y_train_2,y_train_pred2)
train_r2 =r2_score(Y_train_2,y_train_pred?2)

# THEIAEE K MSE F1 MAE

test_mse = mean_squared_error(Y_test_2, predictions_2)

test_mae = mean_absolute_error(Y_test_2, predictions_2)
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test_r2 =r2_score(Y_test_2,predictions_2)

print("YIZRELHE 1] MSE:", train_mse)
print("YIZRELHE ] MAE:", train_mae)
print(" Yl ZREHE 1) R2:", train_r2)
print("MIAZHE (K] MSE:", test_mse)
print("MIAZHE K] MAE:", test_mae)
print("MIAZHE 1) R2:", test_r2)

# 25 1 AR M R 3

plt.figure(figsize=(12,10))

plt.plot([0,17], [0,17], color="black’,linewidth=1,label='best line')
plt.scatter(Y_train_2, y_train_pred2,label="train data',color="lightblue',s=30)
plt.scatter(Y_test_2, predictions_2,label="test data',color='lightcoral',s=30)
plt.xlabel('True',fontsize=30,fontweight="'bold')
plt.ylabel('Predicted’,fontsize=30,fontweight="'bold')
plt.title('SVM',fontsize=24,fontweight="bold')

plt.legend(fontsize=20)

plt.xticks(fontsize=20,fontweight="'bold')
plt.yticks(fontsize=20,fontweight="'bold')

ax = plt.gca()

ax.spines['bottom'].set_linewidth(3)

ax.spines['left'].set_linewidth(3)

ax.spines['top'].set_linewidth(3)

ax.spines['right'].set_linewidth(3)

plt.show()

4. XGboosting_model_training_best1.py
#  XGBT-ER BREKIIZGIES —F U R R R R E R LR P85>

import numpy as np

import pandas-as pd

from sklearn.model _selection import train_test_split

from sklearn.metrics import mean_squared_error,mean_absolute_error,r2_score
from sklearnimodel_selection import KFold,cross_val_score
from.sklearn.model_selection import GridSearchCV

from sklearn.preprocessing import StandardScaler

from skopt import gp_minimize

from skopt.space import Real, Integer

from xgboost import XGBRegressor

from matplotlib import pyplot as plt

pd.set_option('display.max_rows', None)
pd.set_option('display.max_columns', None)
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plt.rcParams['font.family'] = ['Microsoft YaHei']
plt.rcParams|['axes.unicode_minus'] = False # IEffiE RS

#3 N4

filename = "3~ FARIEFN S .csv!

df = pd.read_csv(filename,encoding="'gbk’)
df2 = df.iloc[:,range(2,7)]

data = df.iloc[;,[2,3,4,5,6,7]]

target = df.iloc[:,[0,1]]

#targetl = df.iloc[:,0]

#target2 = df.iloc[:,1]

X = data.values

H#Y 1 =targetl.values
HY 2 =target2.values
Y = target.values

#hR A EE

X = StandardScaler().fit_transform(X)

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=10)
Y _train_1=Y_train[:,0]

Y train_2 =Y _train[:1]

Y test 1=Y_test[:,0]

Y test 2=Y test[:1]

# YIUG4L XGBoost [A] 45 7Y
xgb_model = XGBRegressor()

# B SGESHHE R A

param_space = {
'learning_rate': Real(0.01, 0.8),
'max_depth': Integer(3, 6),
'n_estimators': Integer(50, 300),
'‘gamma’: Real(0,.0.5),
'subsample’: Real(0.5, 0.8),
'reg-.alpha’: Real(0, 1)

dimensions = [
param_space|'learning_rate'],
param_space['max_depth'],
param_space['n_estimators'],
param_space['gamma'],
param_space['subsample'],
param_space['reg_alpha']
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# 7€ COUH- SRtk H br ok £

def objective(params):
learning_rate = params|[0]
max_depth = params[1]
n_estimators = params[2]
gamma = params[3]
subsample = params[4]
reg_alpha = params[5]

model = XGBRegressor(

learning_rate=learning_rate,

max_depth=max_depth,
n_estimators=n_estimators,
gamma=gamma,
subsample=subsample,
reg_alpha=reg_alpha,
random_state=42

scores = cross_val_score(model, X_train,

scoring='neg_mean_squared_error')
return -scores.mean()

# AT DAL AL

res = gp_minimize(
objective,
dimensions,
n_calls=30,
random_state=42,
n_jobs=-1

best_params'= {
'learning_rate': res.x[0],
'max_depth':res.x[1],
'n_estimators'; res.x[2],
'gamma’: res.x[3],
'subsample’: res.x[4],
'reg_alpha': res.x[5]

print("FEHESE: ", best_params)

# A8 e 0 2R Y
best_model = XGBRegressor(

learning_rate=best_params['learning_rate'],
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max_depth=best_params['max_depth'],
n_estimators=best_params['n_estimators'],
gamma=best_params['gamma’],
subsample=best_params['subsample'],
reg_alpha=best_params|['reg_alpha'],
random_state=42

)

best_model.fit(X_train, Y_train_2)

# A B AR A AT T

# I ZREE ) T
y_train_pred2 = best_model.predict(X_train)

# AR ) T

predictions_2 = best_model.predict(X_test)

#result = pd.DataFrame([predictions_2, Y_test_2])
#result.to_csv('GBDT_PT_2.csv',index=False,encoding="ghk')

#H SN 2R () MSE AT MAE

train_mse = mean_squared_error(Y_train_2,y train. pred2)
train_mae = mean_absolute_error(Y_train_2,y train_pred2)
train_r2 =r2_score(Y_train_2,y_train_pred2)

# T EIAHE ) MSE AT MAE

test_mse = mean_squared_error(Y_test" 2, predictions_2)
test_mae = mean_absolute_error(Y_test_2, predictions_2)
test_r2 =r2_score(Y_test_2,predictions_2)

print("YIIZRE 4R 1) MSE:",train_mse)
print("YIZR AR 1) MAE:", train_mae)
print("YII ZR 4R 1) R2:Y, train_r2)
print("MIREARE 1) MSE:", test_mse)
print("E AR ) MAE:", test_mae)
print("MIAEL IR R2:", test_r2)

# 25 il RN BRI
plt.figure(figsize=(12,10))
plt.plot([0,17], [0,17], color="black’,linewidth=1,label='best line')
plt.scatter(Y_train_2, y_train_pred2,label="train data’,color='lightblue’',s=80)
plt.scatter(Y_test_2, predictions_2,label="test data',color='lightcoral',s=80)
plt.xlabel('True',fontsize=30,fontweight="'bold')
plt.ylabel('Predicted’,fontsize=30,fontweight="bold')
plt.title('XGBT',fontsize=24,fontweight="bold')
plt.legend(fontsize=20)
plt.xticks(fontsize=20,fontweight="'bold')
plt.yticks(fontsize=20,fontweight="bold')
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ax = plt.gca()
ax.spines['bottom'].set_linewidth(3)
ax.spines['left'].set_linewidth(3)
ax.spines['top'].set_linewidth(3)
ax.spines['right'].set_linewidth(3)
plt.show()

5. Voting_model_training_bestl.py
#  VR-ER BE VI GERF —F AR R R ERBEAR KPR FS

from sklearn.model_selection import train_test_split

from sklearn.ensemble import VotingRegressor

from sklearn.metrics import mean_squared_error,mean_absolute error,r2_score
from sklearn.preprocessing import StandardScaler

from sklearn.ensemble import GradientBoostingRegressor

from sklearn.svm import SVR

from xgboost import XGBRegressor

from matplotlib import pyplot as plt

import numpy as np

import pandas as pd

plt.rcParams['font.family'] = ['Microsoft YaHei']
plt.rcParams|['axes.unicode_minus'] =False # 1EffiE R 5

#F NEHE

filename = "} FARIE RN . osv!

df = pd.read_csv(filename,encoding="'gbk’)
df2 = df.iloc[:,range(7)]

data = df.iloc[;,[2,3,4,5,6,7]]

target = df.iloc[:,[0;1]]

#targetl = df.iloc|[:,0]

#target2 = df.iloc|[:,1]

X = data.values

#Y 1 =targetl.values
#Y -2 = target2.values
Y = target.values

#hR AL B
X = StandardScaler().fit_transform(X)

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=10)
Y train_1=Y_train[:,0]
Y train_2 =Y train[:1]
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Y test_ 1=Y test[:,0]
Y _test 2=Y_test[:1]

# B Y

svr = SVR(C=42.448789, kernel="rbf', epsilon=0.005106,gamma=0.004153)

xghb =
XGBRegressor(gamma=0.491157,learning_rate=0.227627,n_estimators=289,max_depth
4,

reg_alpha=1.0,subsample=0.613525)
gb = GradientBoostingRegressor(alpha=0.9, learning_rate=0.3, n_estimators=50,
max_depth=2,
min_samples_leaf=2, min_samples_split=2)

# B A TR AR Y
voting_regressor = VotingRegressor([
('svr', svr),
('xgb', xgb),
(‘'gb’, gb)
],weights=[80,800,20])

voting_regressor.fit(X_train,Y_train_2)
# Y ZRERE I P

y_train_pred2 = voting_regressor.predict(X.train)

# DB R T

predictions_2 = voting_regressorpredict(X_test)

#UHSLUIZREE ) MSE I MAE

train_mse = mean_squared_error(Y_train_2,y train_pred?2)
train_mae = mean_absolute_error(Y_train_2,y_train_pred2)
train_r2 =r2_score(Y_train_2,y_train_pred2)

# T EIAEGE R MSE AT MAE

test_mse = mean_squared_error(Y_test_2, predictions_2)
test_mae = mean_absolute_error(Y_test_2, predictions_2)
test_r2=r2 score(Y_test_2,predictions_2)

print(" Il ZxE0HE 1Y MSE:", train_mse)
print(" Il ZRE0HE 1 MAE:", train_mae)
print("YIZREHE 1) R2:", train_r2)
print("M i EHE 1 MSE:", test_mse)
print("M{XEHE 1] MAE:", test_mae)
print("M{XEHE 1 R2:", test_r2)

#ez B 14 B R
plt.figure(figsize=(12,10))
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plt.plot([0,17], [0,17], color="'black’,linewidth=1,label="best line')
plt.scatter(Y_train_2, y_train_pred2,label="train data',color="lightblue',s=80)
plt.scatter(Y_test_2, predictions_2,label="test data',color='lightcoral',s=80)
plt.xlabel('True',fontsize=30,fontweight="'bold')
plt.ylabel('Predicted’,fontsize=30,fontweight="'bold')

plt.title('"VR' fontsize=24,fontweight="bold')

plt.legend(fontsize=20)

plt.xticks(fontsize=20,fontweight="'bold')
plt.yticks(fontsize=20,fontweight="bold')

ax = plt.gca()

ax.spines['bottom'].set_linewidth(3)

ax.spines['left'].set_linewidth(3)

ax.spines['top'].set_linewidth(3)

ax.spines['right'].set_linewidth(3)

plt.show()

10. Shap_value_VOTE_vra.py

#  Shap-ER ERWIZEET (VR FHD -4 B4R FEHIE R AR EHE RN E S
import numpy as np

import pandas as pd

from sklearn.model_selection import train_testusplit
from sklearn.preprocessing import StandardScaler

from sklearn.ensemble import GradientBoostingRegressor
from sklearn.svm import SVR

from xgboost import XGBRegressor

from sklearn.ensemble import VotingRegressor

from matplotlib import pyplotias plt

import shap

plt.rcParams['font.family'].= ['Microsoft YaHei']
plt.rcParams['axes.unicode_minus'] = False # 1E#fiE/R15

SN &I

filename = "> PRI E A .csv'

df = pd.read_csv(filename,encoding="'gbk')
df2 =dfiloc[:,range(7)]

data = df.iloc[:,[2,3,4,5,6,7]]

target = df.iloc[:,[0,1]]

#targetl = df.iloc[:,0]

#target2 = df.iloc[:,1]

X = data.values
#Y_1 = targetl.values
#Y_2 =target2.values
Y = target.values
#hn AL HE
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X = StandardScaler().fit_transform(X)

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=10)

Y_train_1=Y_train[:,0]
Y _train_2 =Y_train[:,1]
Y _test_1=Y_test[:,0]
Y _test 2=Y_test[:1]

# O pA
svr = SVR(C=42.448789, kernel="rbf', epsilon=0.005106,gamma=0.004153)
xghb

XGBRegressor(gamma=0.491157,learning_rate=0.227627,n_estimators=289,max_depth

4,

reg_alpha=1.0,subsample=0.613525)
gb = GradientBoostingRegressor(alpha=0.9, learning_rate=0.3, n_estimators=50,
max_depth=2,

min_samples_leaf=2, min_samples_split=2)

# B A TR AR Y
voting_regressor = VotingRegressor([
('svr', svr),
('xgb', xgb),
(‘'gb’, gb)
],weights=[80,800,20])

voting_regressor.fit(X_train,Y_train_2)

def vr_predict(X):
return voting_regressor.predict(X)

# &1 Shap i 5 Shap 1H

explainer = shap.PermutationExplainer(vr_predict,X_train)
shap_values.= explainer.shap_values(X_train)

#print(shap_values)

# IR Shap 1B 5k K]

shapisummary plot(shap_values,X_train,feature_names=data.columns)

11, Shap_value_VOTE_cve.py
# ~ Shap-EE BBV IR B VR Tl -3 SR BRI R R S fpL 88 232 )
import numpy as np
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.ensemble import GradientBoostingRegressor
from sklearn.svm import SVR
from xgboost import XGBRegressor
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from sklearn.ensemble import VotingRegressor
from matplotlib import pyplot as plt
import shap

plt.rcParams['font.family'] = ['Microsoft YaHei']
plt.rcParams|['axes.unicode_minus'] = False # IEffiE /RS

# RN

filename = "> FARIGE AN csv'

df = pd.read_csv(filename,encoding="'gbk’)
df2 = df.iloc[:,range(7)]

data = df.iloc[:,[2,3,4,5,6,7]]

target = df.iloc[:,[0,1]]

#targetl = df.iloc[:,0]

#target2 = df.iloc[:,1]

X = data.values

#Y 1 =targetl.values
HY 2 =target2.values
Y = target.values

#hRIELL BdE

X = StandardScaler().fit_transform(X)

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=1)
Y train_1=Y_train[:,0]

Y train_2 =Y _train[:1]

Y test 1=Y_test[:,0]

Y test 2=Y test[:1]

# B A
svr = SVR(C=4.170161, kernel="rbf', epsilon=0.019841,gamma=0.044303)
xgb =
XGBRegressor(gamma=0.265641,learning_rate=0.8,n_estimators=237,max_depth=6,

reg_alpha=0.0,subsample=0.657072)
gb =/ GradientBoostingRegressor(alpha=0.9, learning_rate=0.080013, n_estimators=76,
max_depth=2,

min_samples_leaf=4, min_samples_split=2)

# QUSRI AR Y
voting_regressor = VotingRegressor([
('svr', svr),
('xgb', xgb),
(‘'gb’, gb)
],weights=[30,5,5])
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voting_regressor.fit(X_train,Y _train_1)

def vr_predict(X):
return voting_regressor.predict(X)

# i/ Shap 115 Shap {H

explainer = shap.PermutationExplainer(vr_predict,X_train)

shap_values = explainer.shap_values(X_train)

#print(shap_values)

# TR Shap {H % HUS K
shap.summary_plot(shap_values,X_train,feature_names=data.columns)

12, BEMRELE 1.py

# Feature Correlation Heatmap F) ER fH=IEHE R
import numpy as np

import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt

plt.rcParams['font.family'] = ['Microsoft YaHei']
plt.rcParams|'axes.unicode_minus'] = False . # IEHfE x5

#EANEAE

filename = "~ 2 R4EH MR csv!

df = pd.read_csv(filename,encoding='gbk’)
dfl = df.iloc[;,[1,2,3,4,5,6,7]]

df2 = df.iloc[;,[0,2,3,4,5,6,7]]

data = df.iloc[:,range(2,7)]

target = df.iloc[:,[0,1]]

targetl = df.iloc[:,0]

target2 = df.iloc[:,1]

X = data.values
Y_1 =targetl.values
Y 2 =target2.values

#AH M) B
# U SRR 2 TR A S PR AR P
correlation_matrix = dfl.corr()
# A # 7 B AT AR AR S M R R
plt.figure(figsize=(8, 6))
#for (i, j), zin np.ndenumerate(correlation_matrix):
#plt.text(j, i, f'{z:.2f}, ha='center', va='center’, fontsize=12)

i, PSR .
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