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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 (TiO2) 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 Ti4+ converted into Ti3+, 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 TiO2 -700 °C improved 17.5% than primary literature, with evaporation 

rates of 1.12, 1.62, 1.89 and 2.28 kg m-2 h-1 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 

convert 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 [13]. 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 [6,14-16]. 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 [17]. Photo-generated carriers 

relax toward band extrema, converting surplus energy into heat via thermalization. A 

narrower bandgap facilitates 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 comples and unclear. Current SPMs perform well in desalination, but novel SPMs 
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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 

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 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 predominantly 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. 1. 
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3 

 

Fig. 1. Diagram for predicting ER and EE of SPMs using ML. 

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 R2 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 TiO2 samples by calcining mix of P25 and NaBH4 under temperature 

300℃, 500℃, 700℃, 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 
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published literature. Comprehensive details of the dataset are presented in Table S1, as 

shown in Supplementary Information document. Considering that data of features are 

missing exceeding 15% in Table S1, Multiple Imputation was applied to handle missing 

data by synthesizing all available data to derive optimal imputed values [19]. 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-

fold was performed to train each ML model, each algorithm underwent five training and 

evaluation cycles. In addition, Bayesian optimization were applied to optimize the 

hyperparameters of each model, and Table S2 and Table S3 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 (R2). These evaluation indicators are defined as: 
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5 

where, n denotes the sample size, iy   and ˆ
iy   are actual value and predicted value, 

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

small signify higher predictive accuracy, smaller RMSE, and MAE indicate prediction, 

while the larger R2 means better performance of the model (0 ≤ R2 ≤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 R²). 

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 Sinopharm 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 process 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. 
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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 TiO2-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 TiO2-700°C. 

3.3. Membranes preparation 

Membranes preparation process as demonstrated in Fig. 3, we weighed 10 mg of 

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 

0.4g TiO
2
, 0.15g NaBH

4
 grinding calcine

sonicleaning separation filtration 

regrinding 

vacuum drying 
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7 

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 TiO2 membranes. 

 

Fig. 3. Membrane preparation process. 

3.4. Solar water evaporation experimental tests 

The black TiO2 powder were prepared by a NaBH4-assisted method. In brief, 2 g P25 

powder were mixed with 0.75 g NaBH4 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 ℃, 

500 °C, and 700 °C under an argon gas for 1 h, respectively, and obtained black TiO2 

samples were named 300 ℃, 500 ℃ and 700 ℃. Finally, the black TiO2 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 ℃, 

500 ℃ and 700 ℃) 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 

10 mg TiO
2
-700 test tube deionized water 

separation filtration membranes 

mixing 

size and quality 

38 mm 

10 mg 

1 

1. P25 

2 3 4 
2. 300℃ 

3. 500℃ 

4. 700℃ 
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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-1 K-1 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 TiO2 membrane 

evaporators, (c) IR image of 700 ℃ membrane surface. 

All tests were performed 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 TiO2 

To reduce bandgap of original TiO2 sample for increasing the visible light absorption, 
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NaBH4 was employed as reduction agent, which can provide active hydrogen to convert 

Ti4+ into Ti3+ and form oxygen vacancies, as the primary origin of the Ti 3d bandgap states 

[31]. The thermal decomposition of NaBH4 follows the below reaction: 

( ) ( )4 i j

j

NaBH solid Na, B, H gas B, H
i

+→                  (4) 

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

4.2. Pearson correlation coefficient study 

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

(ER, EE) were evaluated using Pearson correlation coefficients, as presented in Fig. 5. 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. 5(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. 

   

  Fig. 5. Pearson correlation coefficient matrix between the six input features (A, BG, TC, sun, T, H) 

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

4.3. ER prediction 

ER was employed as the primary performance metric to evaluate the evaporation 
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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. 6. Blue and red points denote the training and 

test data for ER, respectively. Obviously, these blue points and red points in Fig. 6(a) closely 

cluster around the best-fit line in the VR model. Furthermore, the prediction error (RMSE, 

MAE, R2) 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. 

 

Fig. 6. 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-
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spectrum solar energy into recoverable 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. 7. 

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. 7, 

where blue and red points denote the training and test data for EE, respectively. Fig.7(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. 

 

Fig. 7. EE prediction scatter plots for the four ML models: (a) VR, (b) XGBT, (c) GBDT, (d) SVM. 

4.5. Feature importance and SHAP values 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 
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which features are most important for the model and how they affect the outcome [32]. The 

SHAP plots shown in Fig. 8(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. 8(a), among the six features, sun 

demonstrates a marked positive association with ER, indicating significant influence on ER 

prediction. When increasing 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 

under visible light irradiation. Ambient temperature and relative humidity which also 

directly impact ER because they affect energy available and vapor pressure, respectively. 

 

Fig. 8. Analyzing feature contribution with SHAP: (a) predicted ER using the VR model, (b) predicted 

EE using the VR model. 
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As shown in Fig. 8(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 R2 for EE prediction, 

suggesting that EE is 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 TiO2 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 

increase in reaction temperature, the color of the samples gradually changed from white to 

black. 

 

Fig. 9. The four different samples properties (a) absorbance, (b) bandgap. 

As shown in Fig. 9(a), the UV-Vis-NIR absorption spectra 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 
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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. 9(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 Ti⁴⁺ to Ti³⁺ [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. S2a, the XPS survey indicates that the sample is composed solely of Ti, O 

and C. As shown in Fig. 10(a), Ti 2p spectral analysis was carried out on P25 and TiO2 

calcined at different reaction temperatures. The analysis results reveal that within the energy 

range of 455 to 470 eV, XPS peaks for Ti 2p₃/₂ and Ti 2p₁/₂ can be observed at binding 

energies of 458.88 eV and 464.68 eV, respectively. These peaks are typical characteristic 

peaks of Ti⁴⁺-O bonds. For the calcined TiO2, the XPS peak position of Ti 2p₃/₂ 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 2p₁/₂ also shifts from 464.68 eV to 464.48 eV, 464.18 eV, and 

464.18 eV. In combination with Figs. S2(b)-(e), such shifts are observable in peak positions 

indicate the formation of Ti³⁺ [38]. Specifically, the peak at 458.88 eV can be decomposed 

into two Gaussian peaks, which are attributed to Ti3+and Ti4+, respectively. Through peak-

fitting calculation, the Ti4+/Ti3+ 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 Ti4+ to Ti3+ is progressively enhanced. 

Fig. 10(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 1s 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 TiO2 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. 10(c)-(f). The analysis revealed the emergence 
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of two peaks at 530.18 eV and 531.78 eV. The peak at 530.18 eV corresponds to lattice 

oxygen (Ti4+-O), while the other peak at 531.78 eV corresponds to oxygen vacancies (Ti3+-

O). Additionally, a new peak appeared at 532.68 eV in the calcined TiO2, which corresponds 

to adsorbed oxygen or surface hydroxyl groups (Ti-OH). These results of XPS analysis 

indicate abundant oxygen vacancies and Ti3+ into surface of TiO2 sample with NaBH4 

reduction under high temperature. 

 

Fig. 10. (a) Ti 2p XPS spectra and (b) O 1s XPS spectra of the four TiO2 samples. High-resolution O 1s 

spectra of (c) 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 Fig. S3. 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 of anatase-phase TiO2 (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 
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peaks correspond to the (110), (101), and (211) crystal planes of rutile-phase TiO2 (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 Ti3O5 (JCPDS 

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.  

SEM observations were performed on the samples treated at different temperatures, 

and the results are shown in Fig. 11. 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 titanium oxides, namely Ti3O5 and a small amount of TiO, were further 

generated. 

 

Fig. 11. SEM images of (a) P25, (b) 300 ℃, (c) 500 ℃ and (d) 700 ℃. 

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

temperature reduction process, TEM characterization was performed on samples treated at 

different temperatures, with the results shown in Fig. 12. As the calcination temperature 
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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 Ti3O5, 

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.S4). Notably, this spacing is larger than the theoretical 

value (0.3247 nm) for the standard rutile (110) 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 transition indeed occurred and low-valence titanium oxides 

were generated. 

 

Fig. 12. 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. 
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Fig. 13(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 TiO2 at 

147 cm-1, 401 cm-1, 516 cm-1, and 641 cm-1, 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-1) blue-shifts to 154  cm-1 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, TiO2 is deeply reduced and the phase reconstructs into low-valence 

titanium oxides such as Ti3O5, while the high concentration of oxygen vacancies, Ti3+ and 

lattice disorder lead to significant broadening of the Raman peaks. 

Fig. 13(b) shows the EPR spectra of pristine P25 and NaBH4 reduced TiO2 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 Ti3+. When the 

reduction temperature is increased 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 Ti3+ 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 Ti³⁺ and oxygen vacancies, and the strong magnetic interactions arising from 

structural reconstruction into low-valence titanium oxides (Ti3O5), 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 

vacancies and Ti3+ defects into TiO2. 20
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Fig. 13. (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. 

The surface temperature of TiO
2
-700 membrane under 1 sun as shown in Fig. 14 under 1 

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

 

Fig. 14. Infrared radiation images of TiO
2
-700 membrane surface under 1 sun (a)-(f) 0 min, (b)-(g) 60 

min, (c)-(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. Fig. 15(a)-(b) show the variations in mass and surface 

temperature over time for pure water and four different TiO2 membranes under one sun.  

Fig. 15(c) compares the measured ER and EE data for four different samples under one 

sun. The ER values of pure water, P25, 300 ℃, 500 ℃ and 700 ℃ are 0.22, 0.41, 0.45, 0.86 

and 1.12 kg m-2 h-1, respectively, with corresponding EE values of 10.9%, 21.8%, 23.2%, 

49.7% and 67.8%. Comparing the 500 ℃ and 700 ℃ with 300 ℃, ER and EE achieves a 

(a) (b) (c) (d) (e) 

(f) (g) (h) (i) (j) 
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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 ℃ under different irradiance levels. Fig. 15(d) displays water 

mass loss of the 700 ℃ sample exhibits a continuous increase with rising sun. Fig. 15(e) 

shows the surface temperature fast increases at initial time, eventually reaching saturation 

and keep stability with prolonging the irradiation time. Fig. 15(f) presents the ER values of 

700 ℃ evaporator are 1.12, 1.62, 1.89 and 2.28 kg m-2 h-1 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 ℃ 

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 [40-42]. Additionally, as described in Table S9, the 700 ℃ 

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
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Fig. 15. (a) Water mass change for Pure water and four samples (1 sun). (b) Surface temperature profiles 

for Pure water and four membranes (1 sun). (c) Comparative analysis of ER and EE for Pure water and 

four membranes (1 sun). (d) Water mass change with 700 ℃ sample under various irradiance levels. (e) 

Changes in surface temperature of 700 ℃ sample under various irradiance levels. (f) The ER and EE 

values of 700 ℃ sample under different simulated intensities of sunlight. 

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 objective 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 R2 for ER on test sets (R2=0.9337). However, the R² of EE prediction is only 

moderate (R2=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 
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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 TiO2 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 

calcination temperature reaches 700 °C, a phase transition occurs within the P25 sample, 

generating low-valence titanium oxides, with Ti⁴⁺ reduced to Ti³⁺ 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/m2 h eV % W/mK kw/m2 ℃ %  

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 4.5 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 5.3 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  
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86.2 1.56 / 0.94 0.32 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 3.2 0.944 / 1 21 50 [11] 

92 1.48 3.2 0.944 / 1 21 50 [12] 

90.4 1.43 2 0.9 / 1 25 50 [13] 

91.7 2.91 2 0.9 / 2 25 50  

93,3 5.93 2 0.9 / 4 25 50  

68.6 1.09 2 0.85 / 1 25 50 [14] 

75.1 2.38 2 0.85 / 2 25 50  

81.2 5.15 2 0.85 / 4 25 50  

63.9 1.01 2 0.93 0.067 1 26 / [15] 

94.9 1.63 / 0.95 0.04 1 24 25 [16] 

88.4 4.04 / 0.95 0.04 3 24 25  

97.5 7.16 / 0.95 0.04 5 24 25  

86.6 1.657 / 0.97 0.06 1 / / [17] 

75.7 0.81 1 0.96 / 0.76 25 / [18] 

59.3 0.64 1 0.96 / 0.76 25 /  

81.4 6.15 1 0.96 / 5.35 25 /  

62.6 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 / 0.9615 0.037 1 20 60 [21] 

61 1.95 / 0.9615 0.037 2 20 60  

67 5.9 / 0.9615 0.037 5.5 20 60  

92.1 1.32 0.1 0.925 0.02 1 20 55 [22] 

95.3 5.03 0.1 0.925 0.02 5 20 55 
 

77.8 1.24 / 0.837 / 1 25 40 [23] 

84.45 1.23 / 0.9627 / 1 25 55 [24] 

94 1.45 / 0.9 0.243 1 26 50 [25] 

67 1.07 / 0.903 / 1 25 45 [26] 

86.9 1.28 2.5 0.906 0.02 1 / / [27] 

92.4 1.81 / / 0.035 1 20 50 [28] 

/ 4.63 / / 0.035 3 20 50  

91.5 1.337 1.7 / 0.03 1 27 50 [29] 

93.5 3.99 1.7 / 0.03 3 27 50  

94.1 6.78 1.7 / 0.03 5 27 50  

77.1 1.2 2.7 0.99 / 1 22 40 [30] 

78.5 1.25 2.43 0.879 / 1 22 40 [31] 

/ 0.69 3.11 0.634 / 1 22 40  
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93.8 1.22 1.7 / 0.03 1 / / [32] 

89.5 1.86 2.76 0.948 0.145 1 28 30 [33] 

72.5 4.61 2.76 0.948 0.145 3 28 30  

69.4 7.75 2.76 0.948 0.145 5 28 30  

87.5 3.25 2.4 0.657 / 5 / / [34] 

93.8 4.4 1.1 0.834 / 5 / /  

77.5 1.24 / 0.902 0.3 1 23 55 [35] 

73.7 0.53 / 0.895 / 1 / / [36] 

69.1 / / 0.9 0.04 1 25 55 [37] 

57.3 1 2.68 0.95 / 1 25 30 [38] 

74.5 1.3 2.35 0.95 / 1 25 30  

83.1 1.45 2.35 0.99 / 1 25 30  

79.9 1.39 2.35 0.99 / 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 0.95 0.069 0.5 32 45 [40] 

94.5 3.12 1.79 0.95 0.069 1 32 45  

89.2 4.2 1.79 0.95 0.069 1.5 32 45  

88.3 5.38 1.79 0.95 0.069 2 32 45  

95.9 2.2 / 0.98 0.77 1 25 60 [41] 

95.6 2.09 / / / 1 25 25 [42] 

87 2.2 / 0.93 0.39 1 / / [43] 

91.2 1.57 / 0.97 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  

98.5 1.79 / 0.983 0.71 1 25 60 [47] 

85.1 1.355 / 0.94 0.06 1 25 31 [48] 

91.4 2.911 / 0.94 0.06 2 25 31 
 

97.5 4.659 / 0.94 0.06 3 25 31  

96.6 6.152 / 0.94 0.06 4 25 31  

95.9 7.643 / 0.94 0.06 5 25 31 
 

67 0.95 1.27 / / 1 26 23 [49] 

79 4.31 1.27 / / 4 26 23  

89.9 9.29 1.27 / / 8 26 23  

97.1 1.546 0.85 / / 1 / / [50] 

90 / 0.85 / / 7.6 / /  

88 / 0.85 / / 9.84 / /  

90 / 0.85 / / 14.5 / /  

99 1.43 1.54 / 0.043 1 / / [51] 

77.3 1.71 / 0.65 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 2.45 2.65 / / 1 25 50 [54] 

67 3.07 2.65 / / 1 25 50  

81.4 3.81 2.65 / / 1 25 50  

18.5 0.259 2.6 0.9 / 1 25 / [55] 

28.7 0.41 2.6 0.99 / 1 25 /  

33 0.48 2.6 0.99 / 1 25 /  

41.3 0.578 2.6 0.99 / 1 25 /  

78.7 1.101 2.6 0.99 / 1 25 /  

82.5 1.4 2.35 0.94 0.4 1 15 12 [56] 

87 2.59 2.35 0.94 0.4 2 15 12  

94.5 5.51 2.35 0.94 0.4 4 15 12  

92 7.98 2.35 0.94 0.4 6 15 12  

89.5 9.12 2.35 0.94 0.4 7 15 12  

57.4 2.77 3.2 / 0.067 5 14 / [57] 

/ 1.56 3.2 0.92 0.6 1 24 50 [58] 

93.4 1.68 3.2 0.92 0.6 1.5 24 50  

64.1 0.94 3.2 / 0.3 1 20 / [59] 

89.4 1.77 / 0.968 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  

94.4 2.08 1.3 0.962 / 1 / 50 [62] 

94.4 2.2 1.3 0.978 / 1 / 50  

100 1.61 / 0.94 0.432 1 25 50 [63] 

85.3 1.36 1.7 0.97 0.35 1 27.3 50 [64] 

84 2.7 1.7 0.97 0.35 2 27.3 50  

87 4.2 1.7 0.97 0.35 3 27.3 50  

83 5.2 1.7 0.97 0.35 4 27.3 50  

84 6.6 1.7 0.97 0.35 5 27.3 50  

95.5 2.53 / / / 1 23 40 [65] 

88.7 2.07 1.89 0.92 / 1 25 50 [66] 

93.5 1.01 1 0.969 0.02 0.5 25 40 [67] 

95.3 2.06 1 0.969 0.02 1 25 40  

95.9 3.11 1 0.969 0.02 1.5 25 40  

96.5 4.17 1 0.969 0.02 2 25 40  

96.6 5.22 1 0.969 0.02 2.5 25 40  

96.7 6.27 1 0.969 0.02 3 25 40  

59 1.25 2.8 0.93 / 1 25 40 [68] 

72.2 1.42 2.67 0.965 / 1 25 /  

67.5 1.31 1.19 0.96 / 1 25 /  

91 1.76 / / / 1 25 15 [69] 
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/ 1.4 3 0.95 0.04 1 / / [70] 

84.8 1.37 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] 

75.6 3.63 2.4 / / 3 25 50 [73] 

93.5 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 0.86 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 0.99 0.08 2 28 60  

59 1.91 0.3 0.99 0.08 2 28 60  

63 2.02 0.3 0.99 0.08 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  

81.3 

91.3 

2.26 

2.59 

2 

2 

/ 

/ 

/ 

/ 

2 

2.5 

22 

22 

50 

50 

[84] 

 

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 

67 

2.6 

2.3 

0.1 

0.1 

/ 

/ 

0.06 

0.06 

1 

1 

26 

26 

30 

30 

 

 

92 3 1.6 0.92 / 1 18 60 [86] 

28 

59 

79 

93  

0.36 

0.75 

1.19 

1.66  

1.3 

1.3 

1.3 

1.3  

0.97 

0.97 

0.97 

0.97  

/ 

/ 

/ 

/  

0.4 

0.6 

0.8 

1  

26 

26 

26 

26  

60 

60 

60 

60  

[87] 

 

 

  

81 1.18 / 0.87 0.05 1 22 60 [88] 

85 2.48 / 0.87 0.05 2 22 60  

91 5.27 / 0.87 0.05 4 22 60  

62 4.95 2.07 / / 1 22 60 [89] 

0.64 1.53 2.88 / 0.05 1 22 60 [90] 

80 1.17 1.5 0.91 0.05 1 22 60 [91] 
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87 

92  

2.53 

5.28  

1.5 

1.5  

0.91 

0.91  

0.05 

0.05  

2 

4  

22 

22  

60 

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 

55 

0.76 

0.88 

1.6 

1.6 

0.87 

0.91 

/ 

/ 

1 

1 

25 

25 

60 

60 

 

 

62 0.99 1.6 0.95 / 1 25 60  

92 

90 

92 

1.32 

3.84 

6.26 

1.12 

1.12 

1.12 

0.86 

0.87 

0.87 

/ 

/ 

/ 

1 

3 

5 

28 

28 

28 

40 

40 

40 

[96] 

 

  

97 

83 

1.55 

1.44 

1.2 

1.2 

0.84 

0.96 

/ 

/ 

1 

1 

26 

26 

40 

40 

[97] 

  
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 

79 

79 

1.88 

3.95 

5.65 

1.38 

1.38 

1.38 

0.99 

0.99 

0.99 

0.03 

0.03 

0.03 

1 

1 

1 

22 

22 

22 

30 

30 

30 

[101] 

 

  
92 2.46 1.7 0.95 0.06 1 26 52 [102] 

94 1.57 1.5 0.9 0.04 1 25 50 [103] 

82 1.39 1.5 0.87 0.04 1 25 50  

84 1.42 1.5 0.85 0.04 1 25 50  

71 1.23 1.5 0.82 0.04 1 25 50  

68 

95 

70 

64 

4 

1.79 

2.35 

1.75 

1.58 

0.84 

1.22 

1.22 

1.22 

1.22 

1.22 

0.95 

0.97 

0.93 

0.89 

0.8 

/ 

/ 

/ 

/ 

/ 

1 

1 

1 

1 

1 

23 

23 

23 

23 

23 

30 

30 

30 

30 

30 

[104] 

 

 

 

 

85 1.78 1.8 0.97 0.47 1 25 40 [105] 

81 1.23 1.8 0.91 0.47 1 25 40  

97 2.17 1.35 0.78 0.05 1 25 60 [106] 

66 0.98 / 0.71 / 1 22 60 [107] 

90 

42 

1.5 

0.77 

1.2 

1.2 

0.91 

0.62 

0.6 

0.6 

1 

1 

21 

21 

50 

50 

[108]  

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  
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84 

78 

93 

80 

76 

94 

96 

96 

97 

97 

1.86 

2.18 

2.25 

2.05 

1.13 

3.1 

4.19 

5.16 

6.71 

8.27 

2.26 

2.26 

2.26 

2.26 

2.26 

2.26 

2.26 

2.26 

2.26 

2.26 

0.95 

0.95 

0.95 

0.95 

0.95 

0.95 

0.95 

0.95 

0.95 

0.95 

0.12 

0.12 

0.12 

0.12 

0.12 

0.12 

0.12 

0.12 

0.12 

0.12 

1 

1 

1 

1 

0.5 

1.5 

2 

3 

4 

5 

25 

25 

25 

25 

25 

25 

25 

25 

25 

25 

65 

65 

65 

65 

65 

65 

65 

65 

65 

65 

[109] 

 

 

 

 

 

 

 

 

 

93 1.78 1.92 0.95 0.22 1 22 49 [110] 

95 2.5 1.92 0.95 0.22 1.5 22 49  

97 3.36 1.92 0.95 0.22 2 22 49  

89 

88 

89 

1.36 

4 

6.8 

1.3 

1.3 

1.3 

0.89 

0.89 

0.89 

0.05 

0.05 

0.05 

1 

3 

5 

22 

22 

22 

60 

60 

60 

[111] 

  

76 

96 

86 

89 

86 

60 

0.84 

1.58 

2.11 

2.7 

1.36 

0.96 

1.7 

1.7 

1.7 

1.7 

1.7 

1.7 

0.98 

0.98 

0.98 

0.98 

0.98 

0.98 

/ 

/ 

/ 

/ 

/ 

/ 

0.5 

1 

1.5 

2 

1 

1 

23 

23 

23 

23 

23 

23 

65 

65 

65 

65 

65 

65 

[112] 

 

 

 

  

90 1.34 3.11 0.95 0.06 1 25 60 [113] 

90 2.34 3.11 0.95 0.06 1 25 60  

99 2.82 2.1 0.95 0.05 1 35 6 [114] 

97 1.67 0.45 0.99 / 2 25 50 [115] 

 

 

Table S2 Optimized hyperparameters of four models for predicting ER. 

GBDT 

n_estimators = 200 

 learning_rate = 0.25, 

max_depth = 3, 

min_samples_split = 3, 

reg_alpha = 0.8, 

random_state=42 

SVM 

C = 2, 

gama = 0.1, 

kernel = ‘linear’ 
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XGBT 

n_estimators = 120, 

learning_rate = 0.2, 

max_depth = 5, 

random_state=35 

VR 

n_estimators = 100, 

weight_gb = 2, 

weight_svm = 1, 

weight_xgb = 4 

random_state=35 

 

 

Table S3 Optimized hyperparameters of four models for predicting EE. 

GBDT 

n_estimators = 180, 

learning_rate = 0.2, 

max_depth = 5, 

min_samples_split = 6, 

reg_alpha = 0.3, 

random_state=42 

SVM 

C = 6, 

gama = 1, 

kernel = ‘rbf’ 

XGBT 

n_estimators = 200, 

learning_rate = 0.2, 

max_depth = 5, 

random_state=35 

VR 

n_estimators = 120, 

weight_gb = 1, 

weight_svm = 6, 

weight_xgb = 2 

random_state=35 

 

Table S4 Thermal conductivity of MCE membrane 

Sample 
Ambient temperature Thermal conductivity 

℃ W/(m K) 
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MCE membrane 25 0.07326 

 

Table S5. RMSE, MAE, R2 of predicted ER for each model on training sets. 

ML Models RMSE MAE R2 

VR 0.1908 ± 0.0343 0.2731 ± 0.012 0.9627 ± 0.0061 

XGBT 0.0853 ± 0.0541 0.1928 ± 0.0936 0.9829 ± 0.01 

GBDT 0.2732 ± 0.0085 0.3404 ± 0.0062 0.9504 ± 0.0078 

SVM 0.7080 ± 0.0316 0.4539 ± 0.0358 0.8997 ± 0.0327 

 

Table S6. RMSE, MAE, R2 of predicted ER for each model on test sets. 

ML Models RMSE MAE R2 

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, R2 of predicted EE for each model on training sets. 

ML Models RMSE MAE R2 

VR 0.0021 ± 0.0001 0.0283 ± 0.001 0.9082 ± 0.006 

XGBT 0.0039 ± 0.0003 0.043 ± 0.0052 0.8913 ± 0.0113 

GBDT 0.0028 ± 0.0016 0.0302 ± 0.0015 0.8905 ± 0.0097 

SVM 0.0012 ± 0.0008 0.0196 ± 0.0027 0.9087 ± 0.0011 

 

 

Table S8. RMSE, MAE, R2 of predicted EE for each model on test sets. 

ML Models RMSE MAE R2 

VR 0.0075 ± 0.0001 0.0628 ± 0.0003 0.7242 ± 0.0011 

XGBT 0.0086 ± 0.0004 0.0681 ± 0.0031 0.697 ± 0.0221 

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



35 

GBDT 0.0092 ± 0.0002 0.0718 ± 0.0053 0.5921 ± 0.0161 

SVM 0.0077 ± 0.0001 0.0649 ± 0.0003 0.6527 ± 0.0038 

 

1.1 Programming languages of ML and the core software 

All 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 

https://github.com/dmlc/xgboost 

https://xgboost.readthedocs.io/ 

(3) CatBoost model 

https://github.com/catboost/catboost 

https://catboost.ai/en/docs/ 

(4) Gaussian process regression (GPR) model 

https://scikit-learn.org/stable/modules/gaussian_process.html 

https://github.com/scikit-learn/scikit-learn 

https://scikit-learn.org/stable/modules/ensemble.html 

 

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 
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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 a standard 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 (η, %) was calculated using the following equations: 

opt

m H

C P



=                             (S1) 

VH H Q = +                            (S2) 

( )1Q c T T= −                             (S3) 

2

61.91846 10
33.91

V

T
H

T

 
=    − 

                  (S4) 

where m  is the evaporation rate (kg m-2 h-1), light darkm m m= − , lightm  and darkm  are the 

solar water evaporation rate under the sunlight and dark conditions, respectively. Copt is the 

optical concentration. P is the incident solar power (1 kW m-2, one sun). ΔH is the liquid-

vapor phase change enthalpy, HV is the phase-change enthalpy (J kg-1), and Q is the sensible 

heat of water. T is the surface temperature of solar evaporators, T1 is the initial temperature 

of the water, and c is the specific heat of water (4.2 J g-1 K-1). In this work, only the phase-

change enthalpy is considered when calculating the evaporation efficiency. 
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Fig. S1. Four different prepared samples. 

 

 

Fig. S2. (a) XPS survey. High-resolution Ti 2p spectra of (b) P25, (c) 300 ℃, (d) 500 ℃ and (e)700 ℃. 
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Fig. S3. XRD pattern.                  Fig. S4. HR-TEM image of 700 ℃. 

 

 

Table S9 Comparison of evaporation performance of different semiconductor materials 

Semiconductor 

materials 

Solar intensity 

(kw m-2) 

Evaporation 

Efficiency 

(%) 

Evaporation 

rate  

(kg m −2 h −1) 

Refs. 

Black TiOx 1 50.3 0.8 [6] 

Fe3O4 MNPs 1 63 0.9 [8] 

Ti3C2 1 53.7 0.45 [10] 

Fe3O4/C 1 67 1.07 [26] 

WO3 1 57.3 1 [38] 

Cu2-xS NWs 1 67 0.95 [49] 

TiN 1 64.1 0.94 [59] 

TiO2 NWAs 1 59 1.25 [68] 

TiO2-700 ℃ 

Fe3O4 MNPs 

MoS2 

Cu-Fe3O4 

Cu-Fe3O4 

TiO2-700 ℃ 

1 

2 

2 

2 

2 

2 

67.8 

65 

61 

36 

42 

51.2 

1.12 

1.85 

1.95 

1.2 

1.3 

1.62 

This work 

[8] 

[21] 

[83] 

[83] 

This work 
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Appendix B: Experimental Process.  

 

Fig. B1. Experimental tests of solar water evaporation. 
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Appendix C: 半导体光热材料性能研究的机器学习算法源代码（用

Python 语言编写，程序太多只附上了部分） 

 

1、半导体多重插补处理缺失值 2.py 

#处理缺失值程序 

import numpy as np   #安装 numpy 库用于科学计算 

import pandas as pd   #安装 pandas 库加载数据，并使用 numpy 进行数值操作 

from sklearn.experimental import enable_iterative_imputer 

from sklearn.impute import IterativeImputer 

from sklearn.linear_model import BayesianRidge 

 

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

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

 

filename = '半导体光热脱盐材料特征数据收集(终）.csv' 

data = pd.read_csv(filename,encoding='gbk')     #加载数据 

print(data.head())     #查看数据 

print(data.describe()) 

print(data.info()) 

print(data.shape) 

 

# 将 DataFrame 转换为 NumPy 数组 

#data1 = data.drop(['吸光材料','文献'],axis=1)  #假设['吸光材料','文献']是目标变量 

data1 = data.replace({pd.NaT:np.nan}) 

data2 = data1.to_numpy() 

 

# 初始化 IterativeImputer 

imputer = IterativeImputer(BayesianRidge(), max_iter=10) 

 

# 拟合数据并生成插补的数据 

imputed_data = imputer.fit_transform(data2) 

 

# 将插补的数据转换回 Pandas DataFrame 

imputed_df = pd.DataFrame(imputed_data, columns=data1.columns) 

 

imputed_df.to_csv('半导体插补数据.csv',index=False,encoding='gbk') 

 

 

 

2、GBDT_model_training_best1.py 

#  GBDT-ER 模型训练的程序—半导体光热材料的蒸发速率数据的机器学习 
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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.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  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.csv' 

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

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

data = df.iloc[:,[2,3,4,5,6,7]] #所需要的材料特征 

target = df.iloc[:,[0,1]] #前面两列 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values 

 

#标准化数据，归一化特征 

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] 

 

# 创建梯度提升回归模型 

gb_reg = GradientBoostingRegressor() 

 

# 定义超参数搜索空间 

param_space = { 

    'n_estimators': Integer(50, 300), 

    'learning_rate': Real(0.01, 0.3), 

    'max_depth': Integer(2, 5), 
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    'alpha': Real(0.5, 0.9), 

    'min_samples_split': Integer(2, 10), 

    'min_samples_leaf': Integer(2, 10), 

} 

 

# 转换超参数空间格式 

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'], 

] 

 

# 定义贝叶斯优化目标函数 

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 = GradientBoostingRegressor( 

        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 

    ) 

 

    #训练模型   

# 使用交叉验证评估模型，对于回归问题使用负均方误差作为评分标准 

    scores = cross_val_score(model, X_train, Y_train_2, cv=5,  

scoring='neg_mean_squared_error') 

    # 返回负平均分数，因为 gp_minimize 尝试最小化目标函数 

    return -scores.mean() 

 

# 执行贝叶斯优化 

res = gp_minimize( 

    objective, 

    dimensions, 
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    n_calls=300, 

    random_state=42, 

    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("最佳超参数：", best_params) 

 

# 使用最佳超参数训练模型 

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) 

 

# 使用最佳模型进行预测 

 

# 训练数据的预测 

y_train_pred2 = best_model.predict(X_train) 

 

# 测试数据的预测 

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') 

 

#计算训练数据的 MSE 和 MAE，评估模型性能 

 

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) 

 

# 计算测试数据的 MSE 和 MAE 

test_mse = mean_squared_error(Y_test_2, predictions_2) 
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test_mae = mean_absolute_error(Y_test_2, predictions_2) 

test_r2 = r2_score(Y_test_2,predictions_2) 

 

print("训练数据的 MSE:", train_mse) 

print("训练数据的 MAE:", train_mae) 

print("训练数据的 R2:", train_r2) 

print("测试数据的 MSE:", test_mse) 

print("测试数据的 MAE:", test_mae) 

print("测试数据的 R2:", test_r2) 

 

 

#绘制模型性能散点图 

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_best1.py 

#  SVM-ER 模型的训练程序—半导体光热材料的蒸发速率数据的机器学习 

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 
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plt.rcParams['font.family'] = ['Microsoft YaHei'] 

plt.rcParams['axes.unicode_minus'] = False  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.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]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values#标准化数据 

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] 

 

# 创建五折交叉验证 

#kf = KFold(n_splits=5, shuffle=True, random_state=100) 

 

# 创建 SVM 模型 

svm = SVR() 

 

# 定义超参数搜索空间 

space = { 

    'C': hp.loguniform('C', np.log(1e-3), np.log(1e3)),  # 正则化参数 

    'epsilon': hp.loguniform('epsilon', np.log(1e-3), np.log(1e3)),  # ε - 不敏感管的宽度 

    'gamma': hp.loguniform('gamma', np.log(1e-3), np.log(1e3)),  # 核函数的系数 

    'kernel': hp.choice('kernel', ['linear', 'poly', 'rbf', 'sigmoid'])  # 核函数类型 

} 

 

# 定义目标函数 

def objective(params): 

    params = { 

        'C': params['C'], 

        'epsilon': params['epsilon'], 

        'gamma': params['gamma'], 

        'kernel': params['kernel'] 

    } 
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    # 使用交叉验证来评估模型性能 

    model = SVR(**params) 

    scores = cross_val_score(model, X_train, Y_train_2, cv=5, scoring='r2')  # 使用 R 平

方作为评估指标 

    loss = -np.mean(scores)  # 因为 hyperopt 是用于最小化目标函数，所以取负值 

 

    return loss 

 

# 运行贝叶斯优化 

trials = Trials() 

best = fmin( 

    fn=objective, 

    space=space, 

    algo=tpe.suggest, 

    max_evals=50,  # 最大迭代次数 

    trials=trials 

) 

 

# 输出最佳超参数 

best_kernel = ['linear', 'poly', 'rbf', 'sigmoid'][best['kernel']] 

best_params = { 

    'C': best['C'], 

    'epsilon': best['epsilon'], 

    'gamma': best['gamma'], 

    'kernel': best_kernel 

} 

print("最佳超参数：", best_params) 

 

# 使用最佳超参数训练最终模型 

best_model = SVR(**best_params) 

 

# 使用最佳模型进行预测 

 

best_model.fit(X_train, Y_train_2) 

 

 

# 训练数据的预测 

y_train_pred2 = best_model.predict(X_train) 

 

# 测试数据的预测 

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') 

 

#计算训练数据的 MSE 和 MAE 
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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) 

 

# 计算测试数据的 MSE 和 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("训练数据的 MSE:", train_mse) 

print("训练数据的 MAE:", train_mae) 

print("训练数据的 R2:", train_r2) 

print("测试数据的 MSE:", test_mse) 

print("测试数据的 MAE:", test_mae) 

print("测试数据的 R2:", test_r2) 

 

#绘制模型性能散点图 

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 模型的训练程序—半导体光热材料的蒸发速率数据的机器学习 

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 
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from sklearn.model_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) 

plt.rcParams['font.family'] = ['Microsoft YaHei'] 

plt.rcParams['axes.unicode_minus'] = False  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.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]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values 

 

#标准化数据 

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] 

 

# 初始化 XGBoost 回归模型 

xgb_model = XGBRegressor() 

 

# 定义超参数搜索空间 

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) 
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} 

 

dimensions = [ 

    param_space['learning_rate'], 

    param_space['max_depth'], 

    param_space['n_estimators'], 

    param_space['gamma'], 

    param_space['subsample'], 

    param_space['reg_alpha'] 

] 

 

# 定义贝叶斯优化目标函数 

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, Y_train_2, cv=5, 

scoring='neg_mean_squared_error') 

    return -scores.mean() 

 

# 执行贝叶斯优化 

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], 
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    'n_estimators': res.x[2], 

    'gamma': res.x[3], 

    'subsample': res.x[4], 

    'reg_alpha': res.x[5] 

} 

 

print("最佳超参数：", best_params) 

 

# 使用最佳超参数训练模型 

best_model = XGBRegressor( 

    learning_rate=best_params['learning_rate'], 

    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) 

# 使用最佳模型进行预测 

 

# 训练数据的预测 

y_train_pred2 = best_model.predict(X_train) 

 

# 测试数据的预测 

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') 

 

 

#计算训练数据的 MSE 和 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) 

 

# 计算测试数据的 MSE 和 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("训练数据的 MSE:", train_mse) 

print("训练数据的 MAE:", train_mae) 

print("训练数据的 R2:", train_r2) 

print("测试数据的 MSE:", test_mse) 

print("测试数据的 MAE:", test_mae) 
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print("测试数据的 R2:", test_r2) 

 

#绘制模型性能散点图 

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') 

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_best1.py 

#   VR-ER 模型的训练程序—半导体光热材料的蒸发速率数据的机器学习 

 

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  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.csv' 

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

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

data = df.iloc[:,[2,3,4,5,6,7]] 
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target = df.iloc[:,[0,1]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values 

 

#标准化数据 

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] 

 

# 创建模型 

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

xgb = 

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) 

 

# 创建投票集成模型 

voting_regressor = VotingRegressor([ 

    ('svr', svr), 

    ('xgb', xgb), 

     ('gb', gb) 

],weights=[80,800,20]) 

 

voting_regressor.fit(X_train,Y_train_2) 

# 训练数据的预测 

y_train_pred2 = voting_regressor.predict(X_train) 

 

# 测试数据的预测 

predictions_2 = voting_regressor.predict(X_test) 

 

#计算训练数据的 MSE 和 MAE 

 

train_mse = mean_squared_error(Y_train_2,y_train_pred2) 

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

 

# 计算测试数据的 MSE 和 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("训练数据的 MSE:", train_mse) 

print("训练数据的 MAE:", train_mae) 

print("训练数据的 R2:", train_r2) 

print("测试数据的 MSE:", test_mse) 

print("测试数据的 MAE:", test_mae) 

print("测试数据的 R2:", test_r2) 

 

#绘制模型性能散点图 

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('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 模型的训练程序（用 VR 预测）-半导体光热材料的蒸发效率数据的机器学习 

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 

from sklearn.ensemble import VotingRegressor 

from matplotlib import pyplot as plt 

import shap 
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plt.rcParams['font.family'] = ['Microsoft YaHei'] 

plt.rcParams['axes.unicode_minus'] = False  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.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]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values 

 

#标准化数据 

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] 

 

# 创建模型 

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

xgb = 

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) 

 

# 创建投票集成模型 

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): 
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    return voting_regressor.predict(X) 

 

# 使用 Shap 库计算 Shap 值 

explainer = shap.PermutationExplainer(vr_predict,X_train) 

shap_values = explainer.shap_values(X_train) 

#print(shap_values) 

# 显示 Shap 值的密度散点图 

shap.summary_plot(shap_values,X_train,feature_names=data.columns) 

 

 

 

11、Shap_value_VOTE_cve.py 

#  Shap-EE 模型的训练程序（用 VR 预测）--半导体光热材料的蒸发效率数据的机器学习 

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 

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  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.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]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values 

 

#标准化数据 

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] 

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



65 

Y_train_2 = Y_train[:,1] 

Y_test_1 = Y_test[:,0] 

Y_test_2 = Y_test[:,1] 

 

# 创建模型 

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) 

 

# 创建投票集成模型 

voting_regressor = VotingRegressor([ 

    ('svr', svr), 

    ('xgb', xgb), 

     ('gb', gb) 

],weights=[30,5,5]) 

 

voting_regressor.fit(X_train,Y_train_1) 

 

def vr_predict(X): 

    return voting_regressor.predict(X) 

 

# 使用 Shap 库计算 Shap 值 

explainer = shap.PermutationExplainer(vr_predict,X_train) 

shap_values = explainer.shap_values(X_train) 

#print(shap_values) 

# 显示 Shap 值的密度散点图 

shap.summary_plot(shap_values,X_train,feature_names=data.columns) 

 

 

 

12、数据相关性绘图 1.py 

# Feature Correlation Heatmap 的 ER 相关性热图程序 

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  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.csv' 
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df = pd.read_csv(filename,encoding='gbk') 

df1 = 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]] 

target1 = df.iloc[:,0] 

target2 = df.iloc[:,1] 

 

X = data.values 

Y_1 = target1.values 

Y_2 = target2.values 

 

#相关性分析 

# 计算特征之间的相关性矩阵 

correlation_matrix = df1.corr() 

# 使用热力图可视化相关性矩阵 

plt.figure(figsize=(8, 6)) 

#for (i, j), z in np.ndenumerate(correlation_matrix): 

    #plt.text(j, i, f'{z:.2f}', ha='center', va='center', fontsize=12) 

sns.heatmap(correlation_matrix, annot=True,cmap='YlOrRd', 

linewidths=0.5,mask=np.triu(np.ones_like(correlation_matrix, dtype=bool),k=1)) 

plt.xticks(rotation=45, ha='right',fontsize=10)  # 旋转 x 轴标签（特征名称） 

plt.yticks(rotation=0,fontsize=10)  # 确保 y 轴标签（特征名称）正着显示 

plt.title('Feature Correlation Heatmap') 

plt.show() 

 

 

 

13、数据相关性绘图 2.py 

# Feature Correlation Heatmap 的 EE 相关性热图程序 

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  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.csv' 

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

df1 = df.iloc[:,[0,2,3,4,5,6,7]] 

df2 = df.iloc[:,[1,2,3,4,5,6,7]] 

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

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

target1 = df.iloc[:,0] 
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target2 = df.iloc[:,1] 

 

X = data.values 

Y_1 = target1.values 

Y_2 = target2.values 

 

#相关性分析 

# 计算特征之间的相关性矩阵 

correlation_matrix = df1.corr() 

# 使用热力图可视化相关性矩阵 

plt.figure(figsize=(8, 6)) 

#for (i, j), z in np.ndenumerate(correlation_matrix): 

    #plt.text(j, i, f'{z:.2f}', ha='center', va='center', fontsize=12) 

sns.heatmap(correlation_matrix, annot=True,cmap='YlOrRd', 

linewidths=0.5,mask=np.triu(np.ones_like(correlation_matrix, dtype=bool),k=1)) 

plt.xticks(rotation=45, ha='right',fontsize=10)  # 旋转 x 轴标签（特征名称） 

plt.yticks(rotation=0,fontsize=10)  # 确保 y 轴标签（特征名称）正着显示 

plt.title('Feature Correlation Heatmap') 

plt.show() 

 

14、# 根据 GBDT 模型结果做 Shap 法中 EE 图 

Shap_value_GBDT_cve.py 

Shap-GBDT-EE 根据 GBDT 做 Shap 表 

 

import numpy as np 

import pandas as pd 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import mean_squared_error 

from sklearn.model_selection import KFold,cross_val_score 

from sklearn.model_selection import GridSearchCV 

from sklearn.preprocessing import StandardScaler 

from sklearn.ensemble import GradientBoostingRegressor 

from matplotlib import pyplot as plt 

import shap 

 

plt.rcParams['font.family'] = ['Microsoft YaHei'] 

plt.rcParams['axes.unicode_minus'] = False  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.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]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 
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X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values 

 

#标准化数据 

X = StandardScaler().fit_transform(X) 

 

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=100) 

Y_train_1 = Y_train[:,0] 

Y_train_2 = Y_train[:,1] 

Y_test_1 = Y_test[:,0] 

Y_test_2 = Y_test[:,1] 

 

# 创建梯度提升回归模型 

gb_reg = GradientBoostingRegressor(alpha=0.7, learning_rate=0.1, n_estimators=250, 

max_depth=3, 

                                   min_samples_leaf=2, min_samples_split=3) 

gb_reg.fit(X_train, Y_train_1) 

 

# 使用 Shap 库计算 Shap 值 

explainer = shap.TreeExplainer(gb_reg, X_train) 

shap_values = explainer.shap_values(X_train) 

#print(shap_values) 

# 显示 Shap 值的密度散点图 

shap.summary_plot(shap_values,X_train,feature_names=data.columns) 

 

 

 

15、# 根据 GBDT 模型结果做 Shap 法中 ER 图 

Shap_value_GBDT_vra.py 

Shap-GBDT-ER 

 

import numpy as np 

import pandas as pd 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import mean_squared_error 

from sklearn.model_selection import KFold,cross_val_score 

from sklearn.model_selection import GridSearchCV 

from sklearn.preprocessing import StandardScaler 

from sklearn.ensemble import GradientBoostingRegressor 

from matplotlib import pyplot as plt 

import shap 

 

plt.rcParams['font.family'] = ['Microsoft YaHei'] 
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plt.rcParams['axes.unicode_minus'] = False  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.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]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values 

 

#标准化数据 

X = StandardScaler().fit_transform(X) 

 

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=100) 

Y_train_1 = Y_train[:,0] 

Y_train_2 = Y_train[:,1] 

Y_test_1 = Y_test[:,0] 

Y_test_2 = Y_test[:,1] 

 

# 创建梯度提升回归模型 

gb_reg = GradientBoostingRegressor(alpha=0.5, learning_rate=0.3, n_estimators=200, 

max_depth=3, 

                                   min_samples_leaf=1, min_samples_split=3) 

gb_reg.fit(X_train, Y_train_2) 

 

# 使用 Shap 库计算 Shap 值 

explainer = shap.TreeExplainer(gb_reg, X_train) 

shap_values = explainer.shap_values(X_train) 

#print(shap_values) 

# 显示 Shap 值的密度散点图 

shap.summary_plot(shap_values,X_train,feature_names=data.columns) 

 

16、# 根据 SVM 模型结果做 Shap 法中 ER 图 

Shap_value_SVM_vra.py 

Shap-SVM-ER 用 SVM 生成 Shap 图像 

 

import numpy as np 

import pandas as pd 

from sklearn.model_selection import train_test_split 
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from sklearn.metrics import mean_squared_error 

from sklearn.svm import SVR 

from sklearn.model_selection import KFold 

from sklearn.model_selection import GridSearchCV 

from sklearn.preprocessing import StandardScaler 

from matplotlib import pyplot as plt 

import shap 

 

plt.rcParams['font.family'] = ['Microsoft YaHei'] 

plt.rcParams['axes.unicode_minus'] = False  # 正确显示负号 

 

#导入数据 

filename = '半导体插补数据.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]] 

#target1 = df.iloc[:,0] 

#target2 = df.iloc[:,1] 

 

X = data.values 

#Y_1 = target1.values 

#Y_2 = target2.values 

Y = target.values#标准化数据 

X = StandardScaler().fit_transform(X) 

 

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=100) 

Y_train_1 = Y_train[:,0] 

Y_train_2 = Y_train[:,1] 

Y_test_1 = Y_test[:,0] 

Y_test_2 = Y_test[:,1] 

 

# 创建 SVM 模型 

svm = SVR(C=10, kernel='rbf', epsilon=0.1,gamma=0.1) 

svm.fit(X_train,Y_train_2) 

 

# 定义一个函数来使用 SVR 模型进行预测 

def svm_predict(X): 

    return svm.predict(X) 

 

# 使用 Shap 库计算 Shap 值 

explainer = shap.KernelExplainer(svm_predict, X_train) 

shap_values = explainer.shap_values(X_train) 

#print(shap_values) 

# 显示 Shap 值的密度散点图 

shap.summary_plot(shap_values,X_train,feature_names=data.columns) 
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