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Prediction of heat transfer and
fluid flow performance of fly ash-
Cu hybrid nanofluid using machine
learning approaches
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Accurate prediction of thermal-hydraulic characteristics is essential for the efficient design and
optimization of nanofluid (NF)-based heat transfer systems. In this study, Support Vector Regression
(SVR) and Gradient Boosting (GB) models were developed to simultaneously predict the heat transfer
coefficient (HTC), Nusselt number (Nu), pressure drop (AP), and friction factor (f) of fly ash—Cu hybrid
nanofluids under turbulent forced-convection conditions. A total of 75 data samples derived from the
experimental study of Kanti et al. served as the basis for training and evaluating the predictive models.
This data set covering Reynolds number (Re) from 6,807 to 45,155, nanofluid concentrations from 0 to
2.0 vol.%, and temperatures of 30, 45, and 60 °C was utilized for model development and validation.
Both machine-learning approaches exhibited excellent predictive capability. SVR achieved regression
coefficient (R?) values of 0.9931, 0.9929, 0.9913, and 0.9727 for HTC, Nu, AP, and f, respectively,

with an average mean absolute percentage error (MAPE) of 3.13%. Correspondingly, the GB model
produced R? values of 0.9934, 0.9926, 0.9660, and 0.9826, with an average MAPE of 3.62%. Five-fold
cross-validation yielded mean R? values of 0.9590 for SVR and 0.9691 for GB, confirming strong model
robustness. Feature importance analysis revealed that Reynolds number contributed 76.7% to the
predictive performance, followed by nanoparticle concentration (18.9%) and temperature (4.4%). The
results demonstrate that both models can accurately predict the thermal-hydraulic behavior of fly ash—
Cu hybrid nanofluids, providing efficient alternatives to extensive experimental testing. These models
offer a computationally efficient design-support tool for the investigated operating range; however,
given the modest 75-sample dataset restricted to a single fly ash—Cu formulation, they should be
regarded as interpolative within the investigated range rather than broadly generalizable.

Keywords Fly ash-Cu hybrid nanofluid, Turbulent flow, Thermal-hydraulic performance, Machine learning,
Support vector regression, Gradient boosting

List of symbols

c Hybrid nanofluid volumetric concentration (vol%)
f Darcy—-Weisbach friction factor

h/HTC  Convective heat transfer coefficient (W-m=2K™!)
D Pipe inner diameter (m)

k Thermal conductivity of fluid (W-m™1.K™)

Nu Nusselt number (=h-D/k)

n Number of observations

AP Pressure drop across test section (Pa)

Pr Prandtl number

R? Coefficient of determination
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Re Reynolds number (= p-u-D/p)
RMSE Root mean squared error (output-dep.)
T Bulk fluid temperature (°C)
u Mean flow velocity (m-s™!)
u Dynamic viscosity (mPa-s)
Fluid density (kg-m™)
Abbreviations
Ccv Cross-validation
GB Gradient boosting regressor
MAE Mean absolute error
MAPE Mean absolute percentage error (%)
MSE Mean squared error
MDI Mean decrease in impurity (feature importance)
OAT One-At-a-Time sensitivity analysis
PINN Physics-informed neural network
RBF Radial basis function
RMSE Root mean squared error
SVR Support vector regression

SVR-RBF  Support vector regression with radial basis function kernel

Improving heat transfer is considered to be one of the crucial factors for the efficiency of thermal systems such
as solar collectors, heat exchangers, electronic coolers, and automobile radiators"2. Conventional fluids such as
oils, ethylene glycol (EG), and water have relatively low thermal conductivity’. This limitation has motivated
the development of advanced heat-transfer fluids?, including enhanced designs for solar and thermal-electric
applications®. Nanofluids consist of a base fluid with uniformly distributed nanoparticles suspended in it,
typically under 100 nm®. Such particle dispersion significantly improves thermal performance and convective
HTC’. Nanotechnology’s impact extends across diverse sectors, from food science® to energy systems, biomedical
devices, and cooling technologies, while also enhancing thermal conductivity of the base fluid°.

Hybrid nanofluids are composed of more than two types of nanoparticles dispersed in a base fluid'.
These often show superior thermophysical properties versus mono nanofluids'!. Kanti et al.!? reported a 44%
thermal-conductivity enhancement for graphene oxide-TiO, hybrid nanofluid compared to water. Vidhya et
al.® confirmed the suitability of binary-base-fluid hybrid nanofluids for thermal-management applications,
and Rafid et al.'* found hybrid nanofluids offer superior thermal performance and transport properties over
single-component nanofluids. Ramadhan et al.!® found friction-factor deviation peaking at 3.5% for TiO,-SiO./
EG-water hybrid nanofluid at 1-3 vol.%. Twisted-tape inserts (twist ratio 5) at Re=14,000 increased Nu and
HTC by 36.28% and 36.3% for Al,Os-CuO/water hybrid nanofluid'®. Sundar et al.'” found hybrid nanofluids
transfer heat better than mono nanofluids and base fluids; the reasons behind this improvement remain poorly
understood, and further research is needed. A 0.5 vol.% MWCNT-ALOs/water hybrid nanofluid produced a
maximum HTC of 357.4 W/m?K and 83.9% thermal efficiency at 1065 W/m? solar irradiation'®. A,O5-Fe,O5
hybrid nanofluid viscosity peaked at a 40:60 mixing ratio and fell by up to 87.2% with rising temperature'®.
A 1 vol.% Al,O5-TiO,/water hybrid nanofluid viscosity increased by 15.8% and Nu by 70.4% versus water?’,
while Al,O;-CuO/water hybrid nanofluid under turbulent flow improved heat transfer and lowered entropy
generation by 71%?2!. Reviews on hybrid nanofluids in machining field, reports that improved heat transfer,
surface finish, and tool durability?, alongside common preparation and stabilization methods used in industrial
applications®. Recent advances in machine learning (ML) enable accurate prediction and optimization of
complex thermophysical properties without relying solely on costly experiments or computationally intensive
analytical models?%. SVR is popular for its robustness on small-to-medium nonlinear datasets?®, while GBR is
an ensemble method that iteratively fits residual errors to improve accuracy?; both accurately predict nanofluid
thermal conductivity, viscosity, and heat-transfer characteristics?’.

Both algorithms suit the nonlinear dependencies between inputs (temperature, concentration, particle
loading) and outputs (thermal conductivity, heat transfer) common to these systems: SVR offers strong
generalization via structural risk minimization on limited samples®>, while GBR handles noisy, complex
datasets well through iterative residual correction’®. Both outperform traditional regression and basic ML
on predictive accuracy?’. Representative applications include: Vicki et al.’®, artificial neural network (ANN)
achieving >99.99% correlation accuracy (mean squared error=0.000036); Kanti et al.?%, XGBoost achieving
R%=0.991 (entropy generation) and 0.975 (Nu); Mathur et al.?4, soft-computing for specific heat capacity; Sajjad
et al.?, deep learning for boiling HTC on porous surfaces; Albdour et al.>!, ML for condensation heat transfer;
Alade et al.’2, SVR for specific heat capacity, later extended to thermal conductivity prediction®?; and Sharma et
al.**, a comprehensive review of ML for sustainable energy solutions.

Although tremendous strides have been made in the study of nanofluids, there are still some drawbacks.
Previous research has largely relied on experimental correlations, generally applicable only to given operating
conditions, or limited to general prediction. Moreover, the use of ML and data-driven predictive approaches
to study the behavior of Fly Ash-Cu hybrid nanofluids has not been broadly studied. There are also not many
comparative studies conducted among various ML models to predict the thermophysical properties and heat-
transfer under different temperature and concentration conditions. Kanti et al.! in their work, researched the
heat and flow behaviour of a low-cost hybrid nanofluid (Fly Ash-Cu) in turbulent flow regime ranging from
6800 to 45,200 Reynolds numbers under a heat flux of 7962 W/m?2. This study conducted by them provided
detailed experimental data of heat-transfer and friction-factor characteristics, demonstrating the Fly Ash-Cu
hybrid nanofluids’ potential for thermal management applications. Following this, the current study extends
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the analysis by incorporating ML techniques on the experimental data to predict the behaviours corresponding
to the heat-transfer and friction-factor. This article presents the implementation of ML models using SVR and
GBR for the prediction of thermophysical and heat transfer properties of the Fly Ash—Cu hybrid nanofluids. To
identify the most accurate prediction approach, the study systematically evaluates the predictive performance
of several ML models. By using data-driven modeling, the dependence on extensive experimental testing can
be reduced, which helps in saving time and cost. In addition, the use of low-cost fly ash with highly conductive
copper nanoparticles contributes toward the design of sustainable and energy-efficient thermal systems. The
novelty of present work, distinct from prior single-output/single-algorithm nanofluid-ML studies (e.g.,!>?%%),
lies in: (i) simultaneous four-output prediction (HTC, Nu, AP, f) not previously modelled with ML; (ii) a head-to-
head SVR-vs-GB comparison showing neither dominates; and (iii) benchmarking against classical correlations
(Dittus-Boelter, Petukhov, Blasius).

Validation of experimental setup

All data presented in this section were obtained by experimental work of Kanti et al.'; this section is included only
to establish the physical consistency and validity of the underlying dataset used for the ML models developed
in Section "Machine learning methodology" and does not represent new experimental work performed by the
present authors. Prior to testing the fly ash-Cu hybrid nanofluid, the experimental setup was verified using
distilled water!. Verification of the experimentally obtained Nu and friction factor (f) was carried out against the
Dittus-Boelter correlation®, Petukhov?®, and Blasius correlations®” over the turbulent rangel. The maximum
deviations were within+6.2% for Nu and +4.8% for f, which falls within the +8% accuracy range commonly
reported for nanofluid forced-convection studies®®, proving the consistency of the experimental facility. The
Nu was plotted against the Reynolds number for distilled water at 30 °C, as shown in Fig. la, and compared
to the Dittus-Boelter correlation (Eq. 1). The experimental results demonstrate the anticipated behaviour of
Nu with Reynolds number as expected, and a good correlation with the theoretical result is observed. The
experimentally determined friction factor is compared with Petukhov (Eq. 2) and Blasius (Eq. 3) correlations in
Fig. 1b. Pressure-drop measurements and flow characterization are validated by the measured values that closely
follow both correlations over the investigated range.

Dittus -Boelter equation®

0.4
Nu = 0.023Re™® Pr @
Petukhov equation®®
f=(0.79 In (Re) — 1.64) 2)
Blasius equation®”
0.316
= pom Y

Machine learning methodology

Dataset description and exploratory data analysis

The dataset was derived from controlled experimental measurements on fly ash—Cu hybrid nanofluid flowing
through a circular pipe under turbulent flow conditions. There were 75 experimental observations obtained
in the study by systematically varying the three independent parameters: concentration (0.0, 0.5, 1.0, 1.5,
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Fig. 1. Validation of experimental (a) Nu and (b) friction factor data for distilled water against the standard
correlations
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Variable Min Max Mean | Std Dev | Units
Concentration 0.0000 | 2.0000 1.0000 |0.7119 | vol. %
Temperature 30.00 60.00 45.00 12.33 °C
Reynolds number | 6,807 45,155 21,035 |9,372 —

HTC 2,399.9 [15923.6 |7,894.8 |3,1021 | Wm2K™!
Nusselt number 62.034 | 306.960 | 165.234 | 56.626 —
Pressure drop 228.0 2,240.0 1,111.8 | 649.4 Pa
Friction factor 0.02165 | 0.03642 | 0.02740 | 0.00348 | —

Table 1. Descriptive statistics of the experimental dataset.
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Fig. 2. Pearson correlation matrix of the experimental variables

and 2.0 vol%), bulk fluid temperature (30, 45, and 60 °C), and Reynolds number (Re = 6,807 to 45,155). The
four thermal-hydraulic response variables used in the recordings were: HTC (W-m~2 K~!), Nusselt number
(Nu), pressure drop (AP, Pa), and friction factor (f)*!. The 75 observations form a complete factorial design (5
concentrations x 3 temperatures x 5 Reynolds settings) covering the full envelope of Kanti et al.!, not a random
sample. Representativeness means full coverage of this envelope; extrapolation beyond these bounds, or to other
systems/geometries, is outside the models’ validated domain.

Descriptive statistics

The range, central tendency and dispersion of each experimental variable are summarized in Table 1. The
Reynolds number range is 6807 to 45,155; the distribution is slightly positively skewed (skewness= +0.46) and
the mean Re (21,035) is greater than the median (19,437). The HTC ranges from 2,399.9 to 15,923.6 W-m—2.K1;
friction factor from 0.02165 to 0.03642; and pressure drop from 228 to 2,240 Pa. It can be seen that the large
standard deviations both of HTC and AP compared to their means show high sensitivity to the operating
parameters®.

It can be seen from the Pearson correlation matrix (Fig. 2) that the Reynolds number has the highest
correlation with HTC (r=0.67) and Nu (r=0.77). The HTC (r=0.60) is a significant positive correlation for
concentration, confirming the improvement of the Cu-bearing hybrid particle phase thermal conductivity. The
correlation coeflicient between the friction factor and the Reynolds number is very negative (r= —0.92); it is in
good agreement with the predictions of Petukhov and Blasius.

The ML pipeline follows a structured, reproducible workflow encompassing data preprocessing, model
development, training, evaluation, and comparative analysis. The overall methodology is summarized in
a schematic fashion in Fig. 3 with a sequence from the raw experimental data to z-score standardization,
partitioning the data into train and test sets, training parallel models (SVR-RBF and GB), evaluation against the
held-out test data, and comparative analysis. The pipeline was implemented in Python 3.11 using scikit-learn
1.3.2, with NumPy 1.26.2%0 and pandas 2.1.3*! for numerical and tabular data handling, consistent with similar
Python-based ML pipelines developed for nanofluid thermo-hydraulic prediction®2.

Data pre-processing and dataset partitioning
All input features (concentration, temperature, Reynolds number) were subjected to Z-score standardization
(StandardScaler), transforming each variable to unit variance and zero mean. Z-score standardization is
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Experimental Dataset
75 experimental records
3 inputs: (@, T, Re)
4 outputs: (HTC, Nu, AP, f)

v
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Range check
Outlier screening
Consistency verification
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Fig. 3. Workflow of the machine learning model for predicting thermal-hydraulic properties of fly ash-Cu
hybrid nanofluid

particularly well-suited to SVR with Radial Basis Function (RBF) kernel—which is sensitive to feature scale—
and benefits GB by ensuring consistent gradient behaviour across all three inputs. To ensure a completely
data-leakage-free assessment pipeline, all scalers were fitted solely on the training subset and applied without
refitting to the held-out test set. Targets were not scaled, as neither kernel nor tree-based methods require target
normalization for regression.

To ensure complete repeatability, our adopted dataset consisting of 75-samples was divided into 80% training
(n=60) and 20% testing (n=15) subsets via random sampling, with a fixed random seed of 42%°. The 15-sample
test set provides limited statistical representativeness, partially mitigated by the five-fold cross-validation in
Section "Cross-validation stability analysis", wherein every observation serves as a validation sample exactly
once. Overfitting risk on this small dataset is mitigated through: (i) SVR's structural risk minimization principle,
which limits model complexity via the regularization parameter C; (ii) GB's subsample fraction (0.8) and max_
depth constraints, which act as stochastic regularization analogous to dropout; and (iii) five-fold cross-validation,
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Partition | Samples (n) | Fraction (%) | Purpose

Training | 60 80 Model Fitting and Hyper parameter Optimization
Testing 15 20 Out-of-sample performance evaluation

Total 75 100 Full experimental dataset

Table 2. Dataset partitioning scheme.
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Fig. 4. Schematic representation of the SVR model with RBF kernel showing the regression architecture and
prediction mechanism

which offers a consistent estimate of generalization performance beyond a single hold-out split. With the fixed
seed, the row corresponding to 0 vol%, 30 °C, Reynolds number =8,264 (HTC=2,399.9; Nu=62.034) is placed
in the test set; both values lie below the training-subset minimum bounds (HTC min =2,736.0; Nu min =68.6),
constituting mild extrapolation at the lower boundary. No information leakage occurred during hyperparameter
tuning: grid search for both SVR and GB was performed using cross-validation restricted to the 60-sample
training subset only, and the 15-sample held-out test set was accessed exactly once, after the final configuration
was fixed, to compute the reported test-set metrics. Table 2 illustrates the dataset partitioning scheme.

Support vector regression (SVR) model

SVR adapts the Support Vector Machine framework to handle continuous regression problems. Rather than
seeking a hyperplane that maximizes class separation, SVR works by finding a function that keeps prediction
errors within a defined tolerance €, while keeping the model as simple as possible through the Structural Risk
Minimization principle®®. SVR is particularly attractive for small experimental datasets because its sparse
kernel representation depends only on a subset of training points (the support vectors), inherently limiting
overfitting?”. The RBF kernel is employed here owing to its demonstrated effectiveness for nonlinear thermal-
hydraulic regression problems*2.

Kernel architecture and training

The SVR model architecture is illustrated in Fig. 4. The RBF kernel maps each standardized input vector into
features of high dimension through Eq. (4):

K (x1,x5) = exp (y ”xi - xjHZ) (4)

where, parameter y denotes the kernel width controlling the spread of the kernel.
The regression function is given by
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N
fe =) (@ —ai)K(xi,x) +b (5)
i=1

where o, and a,* refers to dual Lagrange multipliers and parameter b denotes the bias term. Four independent
SVR models were trained—one per output (HTC, Nu, AP, f). Hyperparameter values (C, y, ) were selected via
grid search over a predefined candidate set, retaining the configuration yielding minimum cross-validated root
mean squared error (RMSE) on the training set. Table 3 presents the optimal configuration for each output.

Evaluation metrics
Predictive performance was computed via four standard statistical evaluation metrics. The R? representing the
coefficient of determination is defined as':

Rroq D0i=9) ©)
S i-3)

The root mean square error (RMSE) can be obtained from'%

1 A N2
RMSE =4/ Z(Yi -9 7)

The mean absolute error (MAE) is expressed as'%:
1 .
MAE = - > lyi— il (8)

The mean absolute percentage error (MAPE) is defined as'2:

100 <~ |yi = 9il
MAPE = — 9
Z il ©)

Parameters y; and y represent the measured and predicted results, respectively, while the mean of the
experimental values is represented by y and the number of observations is represented by the parameter n.

Predictive performance

On the held-out test set, the SVR model achieves R? values across all four outputs as follows. Pressure drop,
HTC and Nu exhibits R2=0.9913, 0.9931, and 0.9929, respectively. The lowest R? is 0.9727, for friction factor,
which has a relatively narrow dynamic range. All outputs have MAPE values below 4.5%. The Dittus-Boelter
correlation is applied to the same 15-point test set, and gives R?= —0.070 and MAPE = 28.19% for Nu, effectively
proving that the data-driven models with concentration effects have a definite advantage. For friction factor, the
Blasius correlation gave the R*=0.9752 and the MAPE =1.75%. Parity plots are shown for all four outputs in
Fig. 5a-d, and actual versus predicted are plotted for them.

Residual analysis

The HTC residuals are plotted against the SVR-predicted HTC values in Fig. 6. HTC is chosen as the
representative output due to being the widest range in absolute terms. There is no apparent monotonic drift or
heteroscedasticity along the zero axis in the residuals. Qualitatively similar results were obtained from analogous
diagnostics of Nu, AP, and f. The residual histogram (Fig. 7) is close to a normal distribution centered on zero.
The amount of positive skew is slight, around + 0.001, which indicates that the model may slightly under-predict
the number of HTC at high values of the training data set.

Gradient boosting regressor (GB) model

The GB is an ensemble learning approach that iteratively fits shallow regression trees to pseudo-residuals of the
fitted current ensemble to create a good predictive model*’. Unlike SVR, GB iteratively constructs the model
to reveal highly non-linear, non-stationary relationships without needing to specify a kernel>, and also has a
built-in feature importance mechanism that gives direct insight into the contributions of the predictors*®. Four
independent GB models were trained — one per thermal-hydraulic output.

Output Regularisation | Length-scale | Insensitivity | Kernel | Rationale

HTC High Auto Narrow RBF High C fits wide HTC range; narrow & for precision
Nusselt Number | Moderate Auto Auto RBF Moderate C; scale-based y for smooth surface
Pressure Drop High Auto Narrow RBF High C captures steep Re-AP power-law; narrow &
Friction Factor | Low Auto Narrow RBF Low C: narrow dynamic range - prefer smooth model

Table 3. SVR Hyper parameter configuration by output variable.
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R? =0.9931 MAPE = 4.09%

R? = 0.9929 MAPE = 1.86%
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Fig. 5. (a-d) SVR parity plots for (a) heat transfer coeflicient, (b) Nusselt Number, (c) pressure drop, and (d)
friction factor.
Algorithm architecture and mathematical formulation
The Gradient Boosting (GB) architecture is illustrated in Fig. 8. The model begins with an initial estimator Fy(x),
corresponding to the mean response for squared-error loss. At each boosting iteration m, pseudo-residuals are
computed as:
S [aL()’i,F(xi))] (10)
m —
aF (xi) F=Fp_;
A regression tree h _(x) is trained on the pseudo-residuals, and the ensemble is then updated as according to
Eq. (11):
Fn(x) = Fyp1 () + vhp(x) (11)
where the learning rate is denoted by v. Finally, after M boosting iterations, the prediction model is written as:
M
F(X) = Fo(x) +v > hyn(x) (12)
m=1
Scientific Reports|  (2026) 16:35729 | https://doi.org/10.1038/s41598-026-66669-w nature portfolio


https://www.nature.com/scientificreports

www.nature.com/scientificreports

400 A @ Training

A A Test

200
A

A A A °

0 T -6 G- -0 EDED SV O 6- BB -EO -_ 30 BWO- - -~ 6O &~/ —--- G-~ - -~ |

A, A
=200

-400

Residual (Observed — Predicted)

-600

-800 A

40I00 60'00 80'00 IO(IJOO 12(')00 14(')00 16600
SVR Predicted HTC (W-m 2:K"?)

Fig. 6. Residual distribution (observed — predicted) versus predicted heat transfer coefficient for the SVR
Model

mm Residuals .
0.012 { === Normal density fit

0.010 4

0.008 1

Density

0.006 1

0.004 1

0.002 1

0.000 - .
=800 =600 -400 =200 0 200 400

Residual (W-m~2-K-1)

Fig. 7. Distribution of SVR residuals for heat transfer coefficient with superimposed normal density fit.

Subsampling the training observations in each iteration acts as a regularization technique which helps prevent
overfitting and enhances the generalization of the model.

Hyperparameter configuration

Key hyperparameters governing GB performance are: (i) n_estimators M (model capacity); (ii) learning rate
v (shrinkage); (iii) max_depth (tree complexity); and (iv) subsample fraction (stochastic regularization).
Hyperparameter values were selected via grid search restricted to the 60-sample training subset, using the same
cross-validation procedure as for SVR (see Section "Kernel architecture and training"). Table 4 presents the
optimal configuration for each output.

Predictive performance of the GB model

The GB model achieves R? values in the range 0.9660 to 0.9934 across all four outputs. GB achieves the highest
R? for HTC (0.9934) and friction factor (0.9826), while SVR achieves higher R? for Nu (0.9929 vs. 0.9926)
and pressure drop (0.9913 vs. 0.9660). MAPE ranges from 1.43% (friction factor) to 6.10% (pressure drop).
Figure 9a-d present actual-versus-predicted scatter diagrams for all four GB outputs.

Comparative analysis of models
A comparative analysis assessed the relative predictive performance, stability, and practical trade-offs of the SVR
and GB models across all four thermal-hydraulic outputs.

Model performance comparison
A detailed side-by-side comparison of R2, RMSE, MAE, and MAPE on the held-out test set is shown in Table
5. There is no universally superior model in the four outputs; SVR is superior for Nu and AP; GB is superior
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Fig. 8. Schematic representation of the Gradient Boosting Regressor architecture and iterative learning
workflow

Output n_est Learn. rate | Max depth | Subsample | Rationale

HTC High Low Deeper Partial Deeper tree captures concentration-Re interaction in HTC
Nusselt Number | High Moderate | Standard Partial Standard depth; higher Ir for well-structured Nu surface
Pressure Drop | High Moderate | Standard Partial High n_est. for accurate AP across wide Re range

Friction Factor | Moderate | Low Standard Partial Few trees sufficient: smooth monotonic f-Re relationship

Table 4. GB hyper parameter configuration by output variable.

for HTC and friction factor. The most striking difference is for pressure drop where SVR obtained R?=0.9913
compared to GB's 0.9660, with the SVR RMSE (64.16 Pa) being about half that of GB's (126.61 Pa) showing that
the RBF kernel has the ability to model the smooth Re-AP power-law relationship. No confidence intervals are
presented for individual metrics in Table 5 because the held-out test set contains only 15 samples, which does
not give a strong indication of the variation in performance; cross-validation results in Section "Cross-validation
stability analysis" give a stronger indication of the variation in performance. Figure 10a,b present grouped bar
charts comparing R? and MAPE, for both models, respectively.

To further verify that model performance is not an artefact of the small held-out test set, Table 6 reports
training, test, and full-dataset (n=75) metrics for both models across all four outputs.

Cross-validation stability analysis

A standard five-fold cross-validation (CV) procedure was conducted on the full 75-observation dataset!.
Figure 11 presents the mean R? score per fold for each model. The GB model demonstrates more consistent
cross-validated R? scores (mean=0.9691, 0 =0.0194, range: 0.9321-0.9876) than the SVR model (mean =0.9590,
0=0.0263, range: 0.9223-0.9875). Formal statistical comparison of the five-fold pairs is inadmissible: folds share
overlapping training sets and the minimum achievable two-tailed p-value at n=5 is 0.0625. The CV results
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Fig. 9. (a-d) GB Parity Plots for (a) Heat Transfer Coeflicient, (b) Nusselt Number, (c) Pressure Drop, and (d)
Friction Factor.
R? RMSE MAE MAPE%
Output variable |SVR | GB SVR GB SVR GB SVR | GB
HTC (W-m™K™) | 0.9931 |0.9934 |276.34 270.34 196.72 222.12 4.09 |3.70
Nusselt number | 0.9929 | 0.9926 | 5.144 5.252 3.619 4.158 1.86 |3.26
Pressure drop (Pa) | 0.9913 | 0.9660 | 64.16 126.61 51.38 81.59 448 |6.10
Friction factor 0.9727 | 0.9826 | 6.28x107 | 4.60x10™ | 5.55x10™ | 3.73x10™* | 2.07 | 1.43
Table 5. Model performance comparison: SVR vs GB (held-out test set, n=15).
are reported as directional indicators of consistency. Table 7 provides a numerical summary of five-fold cross-
validation performance comparison between both models.
Feature importance analysis
To access feature importance, the work adopted built-in impurity-based (MDI) importance scores of the fitted
GB models for each output, averaged across all four response variables®. Figure 12 presents the mean GB
feature importance. As anticipated, the Reynolds number is the major contributor, with a total mean importance
of 76.7%, followed by nanoparticle concentration at 18.9%, with bulk temperature the smallest contributor
at 4.4%. These estimates are only approximate and are missing the interaction term, nor do they represent
global sensitivity if readers need the interaction-sensitive version of importance scores, then they should use
the decomposition methods of Sobol'. This matches the physical picture: Re governs turbulence intensity and
boundary-layer thinning, the main driver of HTC, Nu, and pressure drop; concentration acts secondarily via
thermal conductivity and micro-convection; temperature contributes least given the narrow 30-60 °C range.
This, and the gap versus Dittus-Boelter (R>=-0.070 for Nu), shows the models capture concentration-
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Fig. 10. Comparison of SVR and GB Model Performance Across all four Output Variables based on (a) R? and
(b) MAPE (%)

HTC Train 0.9999 | 0.10% 1.0000 | 0.14%
HTC Test (n=15) | 0.9931 | 4.09% 0.9934 | 3.70%
HTC Total (n=75) | 0.9983 | 0.90% 0.9985 | 0.85%
Nu Train 0.9998 | 0.22% 1.0000 | 0.07%
Nu Test (n=15) | 0.9929 | 1.86% 0.9926 | 3.26%
Nu Total (n=75) | 0.9982 | 0.55% 0.9981 | 0.74%
AP Train 0.9996 | 0.37% 1.0000 | 0.15%
AP Test (n=15) | 0.9913 | 4.48% 0.9660 | 6.10%
AP Total (n=75) | 0.9978 | 1.19% 0.9923 | 1.34%
f Train 0.9549 | 2.29% 0.9977 | 0.50%
f Test (n=15) | 0.9727 |2.07% 0.9826 | 1.43%
f Total (n=75) | 0.9596 | 2.25% 0.9941 | 0.68%

Table 6. Performance of SVR and GB models on the training, test, and full datasets (n="75) for different
outputs. Note: Friction factor RMSE and MAE values are dimensionless. Mean MAPE (across all four outputs):
SVR=3.13%; GB=3.62%

dependence classical correlations miss. Our R? range (0.966-0.993) is comparable to related ML-on-nanofluid
studies (Kanti et al.'>2%2!). Permutation importance on the test set confirms the MDI ranking: Re dominant (SVR
73.1%, GB 80.5%), followed by concentration (13.9%/13.4%) and temperature (13.0%/6.1%). A local power-law
fit of GB-predicted Nu-Re (c=1.0 vol%, T =45 °C) gives exponent 0.66 vs. Dittus-Boelter’s 0.8, a flatter learned
relationship, consistent with ensemble-learning practice for nanofluid property prediction?’. Similar data-driven
modeling has produced empirical correlations for nanofluid specific heat capacity*® and neural-network-based
density models*’, with interpretable white-box alternatives also proposed for density prediction®. Applicability
domain: validated only for concentration 0-2.0 vol%, temperature 30-60 °C, Re ~ 6,807-45,155, and the single
fly ash-Cu system/geometry of Kanti et al.!; predictions outside these bounds require additional data and
retraining. As data-driven models, physical constraints (e.g., monotonicity of Nu with Re) aren’t enforced by
construction — a physics-informed model (see Future Scope) is the natural extension.

Conclusions

The present investigation demonstrates the effectiveness of machine-learning methods for predicting the coupled
thermal and hydraulic behavior of fly ash-Cu hybrid nanofluids. Analysis of the developed models showed
that Reynolds number was the dominant controlling parameter, contributing 76.7% to the overall prediction
capability, whereas nanoparticle concentration and temperature contributed 18.9% and 4.4%, respectively.
Although both algorithms achieved satisfactory performance, their predictive strengths differed across the target
variables, detailed below. During five-fold cross-validation, GB provided more consistent predictive behavior,
attaining a mean R? of 0.9691 with a standard deviation of 0.0194. Based primarily on total-dataset metrics
(Table 6, consistent with Table 5): SVR is more accurate for Nu (R?=0.9982 vs. 0.9981) and AP (0.9978 vs.
0.9923); GB is more accurate for HTC (0.9985 vs. 0.9983) and f (0.9941 vs. 0.9596). Model choice should thus
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Fig. 11. Five-fold cross-validation: mean R? comparison of SVR and GB models

SVR (RBF) | 0.9590 0.0263 0.9223 0.9875
GB 0.9691 0.0194 0.9321 0.9876

Table 7. Five-fold cross-validation results: SVR vs GB performance comparison.
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Fig. 12. Gradient boosting feature importance

depend on the target variable, not a single recommendation. The developed models provide a practical, low-
cost framework for rapid performance assessment of hybrid nanofluids, and could be embedded as lightweight
surrogates within a design-optimization loop or a real-time monitoring system for thermal systems operating
within this validated range.
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Limitations

Several limitations should be acknowledged. The models were trained and evaluated exclusively on the
75-sample dataset of Kanti et al.!—a complete factorial design covering concentration (0-2.0 vol%), temperature
(30-60 °C), and Reynolds number (= 6,807-45,155) for a single fly ash-Cu system and geometry — with no
independent or externally published dataset available for further validation; predictions outside this envelope
require additional data and retraining. As purely data-driven models, physical constraints (e.g., monotonicity of
Nu with Re) are not enforced by construction. The five-fold cross-validation results should be read as directional
indicators of consistency rather than formal statistical comparisons, since the minimum achievable two-tailed
p-value at n=5 is 0.0625. Full graphical partial-dependence visualizations, beyond the power-law exponent
check and permutation importance already reported in Section "Feature importance analysis", were not included
in this revision.

Future scope of work

Going forward, expanding the experimental dataset to cover a broader range of hybrid nanofluid compositions,
nanoparticle mixing ratios, and particle sizes would improve model reliability and applicability. Comparative
studies involving Artificial Neural Networks, Random Forests, XGBoost, COMBI models, and Gaussian Process
Regression are worth taking up to establish stronger predictive benchmarks, and benchmarking against recently
published ensemble learning and gradient boosting frameworks for nanofluid property prediction would
further strengthen this assessment. Physics-Informed Neural Networks also present a promising direction,
as they incorporate governing physical laws directly into the learning process, making them better suited for
reliable predictions beyond the experimentally validated operating range — which remains a key limitation of
the present models.

Data availability

The databases used during the current study are available from the corresponding author or reasonable request.
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