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 a b s t r a c t

Efficient indoor environmental management is vital for reducing energy use while safeguarding indoor air qual-
ity and occupants’ comfort. However, due to difficulty of obtaining comprehensive datasets across multiple 
domains, many current studies still focus on a single performance metric, with dataset limitations preventing 
the development of robust and accurate multi-objective predictive models and operate as opaque data-driven 
systems with limited explanatory capability. This work developed CFD datasets derived from an experimen-
tally validated model to systematically generate data covering parameters of indoor air quality, energy use, and 
thermal sensation with varied ventilation conditions. This dataset is further used for machine learning (ML) 
analysis. A cutting-edge Tabular Prior-data Fitted Network (TabPFN) is adopted for multi-target prediction and 
benchmarked against XGBoost, CatBoost, and Backpropagation Neural Networks (BPNN). SHapley Additive ex-
Planations (SHAP) method was used to elucidate its predictions, identifying how the most influential parameters 
govern the variations in indoor environmental behavior. The findings indicate that TabPFN outperforms the other 
three models in both predictive accuracy and computational efficiency, with MAE reduced by 62.08-95.4% and 
RMSE by 49.15-85.50%, while inference is accelerated by 67.5-85.9%. SHAP analysis quantified nonlinear and 
directional contributions of features, linking model outputs to physical mechanisms such as draft risk, thermal 
sensation, and cooling load demand. The proposed TabPFN-SHAP framework is expected to offer valuable in-
sights to guide the optimisation of building environmental control strategies.

1.  Introduction

Increasing demands for urbanisation have been revealed in recent 
years, with estimates suggesting that nearly 600 million additional peo-
ple will reside in urban areas by 2030 [1].  A substantial portion of this 
demand directly drives increasing energy consumption in the building 
sectors including heating, cooling, lighting and other services, which 
together account for nearly 40% of global energy use [2,3]. As mod-
ern populations spend almost 90% of their time in enclosed settings, 
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whether in residential buildings, offices, or commercial spaces, the built 
environment continues to play a vital role in ensuring indoor air qual-
ity (IAQ) and thermal sensation for optimal productivity and well-being 
[4]. However, simultaneously achieving an optimal indoor environment 
from across these three aspects (i.e., IAQ, energy and thermal com-
fort) still poses significant challenges. While substantial energy use is 
expended to maintain indoor environmental quality, inefficient envi-
ronmental control strategies often lead to excessive energy consump-
tion, suboptimal thermal comfort, and compromised IAQ [5,6]. It has 
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$CO_2$


$0.5~\mathrm {m} \times 1.1~\mathrm {m}$


$\mathrm {m} \times 0.35 \mathrm {~m} \times 1.1 \mathrm {~m}$


$34 \mathrm {~W} / \mathrm {m}^2$


$0.09 \mathrm {~m} / \mathrm {s}$


$17.0^{\circ } \mathrm {C}$


\begin {equation}\rho \frac {\partial \tau u_j}{\partial x_j}=\frac {\partial }{\partial x_{\mathrm {j}}}\left [\left (2.88 \rho \times 10^{-5}+\frac {\mu _{e f f}}{S c_t}\right ) \frac {\partial \tau }{\partial x_j}\right ]+S_\tau \label {Xeqn1-1}\end {equation}


$\tau $


$\mu _{\text {eff}}$


$S_\tau $


\begin {equation}D R=\left (34-T_a\right )(U-0.05)^{0.62}(0.37 \cdot T u+3.14) \label {Xeqn2-2}\end {equation}


$T_a$


${ }^{\circ }\mathrm {C}$


$U$


$\mathrm {m/s}$


$\mathrm {Tu}$


\begin {equation}T_u=0.16 R e^{-0.125} \label {Xeqn3-3}\end {equation}


\begin {equation}\begin {aligned} & P M V=[0.303 \exp (-0.036 M)+0.028] \\ & \times \left \{\begin {array}{c} (M-W)-3.05 \times 10^{-5} \\ \times \left [5733-6.99(M-W)-P_a\right ] \\ -0.42 \times [(M-W)-58.15] \\ -1.7 \times 10^{-5} \times M \times \left (5867-P_a\right ) \\ -0.0014 M \times \left (34-T_a\right ) \\ -3.96 \times 10^{-8} \times f_{c l} \\ \times \left [\left (T_{c l}+273\right )^4-\left (T_r+273\right )^4\right ] \\ -f_{c l} \times h_c \times \left (T_{c l}-T_a\right ) \end {array}\right \} \end {aligned} \label {Xeqn4-4}\end {equation}


$M$


$\mathrm {W/m^2}$


$\mathrm {W}$


$\mathrm {W/m^2}$


$\mathrm {T_a}$


${ }^{\circ }\mathrm {C}$


$\mathrm {h_c}$


$\mathrm {W/(m^2 \cdot ^{\circ }C)}$


$\mathrm {I_{cl}}$


$\mathrm {m^2 \cdot ^{\circ }C/W}$


\begin {equation}P P D=100-95 \exp \left (-0.03353 P M V^4-0.2179 P M V^2\right ) \label {Xeqn5-5}\end {equation}


$\mathrm {Q}_{\text {coil }}$


\begin {equation}Q_{\text {coil }}=Q_{\text {space }}-c_p \dot {m}_{\mathrm {f}}\left (T_{\mathrm {e}}-T_{\mathrm {f}}\right ) \label {Xeqn6-6}\end {equation}


$Q_{\text {space}}$


$T_{\mathrm {f}}$


$T_{\mathrm {e}}$


$\dot {m}{\mathrm {f}}$


$\dot {m}{\mathrm {e}}$


$1.3\times 10^{8}$


$(X_{\text {train}}, Y_{\text {train}})$


$X_{\text {test}}$


$x^{*}$


\begin {equation}\hat {p}_\theta \left (y^* \mid X_{\text {train }}, Y_{\text {train }}, x^*\right ) \label {Xeqn7-7}\end {equation}


$T$


$T$


$B$


$\{b_k\}_{k=0}^{B}$


$\{\pi _k\}_{k=1}^{B}$


$T(y)$


\begin {equation}p\left (T(y) \mid X_{\text {test }}, X_{\text {train }}, Y_{\text {train }}\right )=\sum _{k=1}^B \pi _k \frac {\mathbb {I}\left \{T(y) \in \left [b_{k-1}, b_k\right )\right \}}{b_k-b_{k-1}}+p_{\text {tail }}(T(y)), \label {Xeqn8-8}\end {equation}


$p_{\text {tail}}$


$p(y)=p(T(y))\,|T'(y)|$


$p(y)$


$C=\left (X_{\text {train}}, Y_{\text {train}}\right )$


$X_{\text {test }}$


$Y_{\text {test}}$


$\mathrm {Q}_{\text {space}}$


$\mathrm {Q}_{\text {coil}}$


$\left (w_{i j}\right )$


$\left (b_j\right )$


$H_j$


\begin {equation}H_j=\sum _{i=1}^n w_{i j} x_i+b_j \label {Xeqn9-9}\end {equation}


$W=\left (w_{1 j}, w_{2 j}, \ldots , w_{n j}\right )$


$S$


\begin {equation}s_j=\frac {1-e^{H_j}}{1+e^{H_j}} \label {Xeqn10-10}\end {equation}


\begin {equation}\operatorname {Obj}(\phi )=\sum _{i=1}^n l\left (y_i, \hat {y}_i\right )+\frac {1}{2} \lambda \sum _{q=1}^Q w_q^2+\gamma Q \label {Xeqn11-11}\end {equation}


$l$


$y_i$


$\hat {y}_i$


$n$


$\lambda $


$w_q$


$\gamma $


$\mathrm {R}^2$


\begin {align}&M A E=\frac {1}{n} \sum _{i=1}^n\left |y_i-\hat {y}_i\right | \label {Xeqn12-12}\\ &R M S E=\sqrt {\frac {1}{n} \sum _{i=1}^n\left (y_i-\hat {y}_i\right )^2} \label {Xeqn13-13}\\ &R^2=1-\frac {\sum \left (y_i-\hat {y}\right )^2}{\sum \left (y_i-\bar {y}\right )^2} \label {Xeqn14-14}\end {align}


$y_i$


$\hat {y}_i$


$\bar {y}$


$y$


$\mathrm {n}$
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$10^{-3}$


$10^{-5}$


$10^{-5}$
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$\mathrm {PPD}_{\mathrm {manikin\_2}}$


$^2$

https://orcid.org/0000-0003-3099-0298
https://orcid.org/0009-0009-9057-7519
https://orcid.org/0009-0000-2552-4159
https://orcid.org/0009-0007-0451-1878
https://orcid.org/0000-0002-1264-4837
https://orcid.org/0009-0003-7990-583X
mailto:xueren.li@hotmail.com
mailto:weijie2@ualberta.ca
mailto:zhan5483@purdue.edu
mailto:bshang@purdue.edu
mailto:R.Xu@tudelft.nl
mailto:jiyuan.tu@rmit.edu.au
mailto:pyf6546@163.com
mailto:xiang.fang@sues.edu.cn
https://doi.org/10.1016/j.enbuild.2025.116925
https://doi.org/10.1016/j.enbuild.2025.116925
http://crossmark.crossref.org/dialog/?doi=10.1016/j.enbuild.2025.116925&domain=pdf
http://creativecommons.org/licenses/by/4.0/


X. Li et al.

 Nomenclature  -  Greek symbols  -
𝑆  Source term 𝜇  Turbulent viscosity [kg ⋅m−1 ⋅ s−1

]

𝑇  Temperature [◦C] 𝜈  Kinetic viscosity [m2 ⋅ s−1
]

𝐶𝑝  Specific heat at constant pressure 𝜏  Local Mean Age of Air [𝑠]
𝑈  local mean air velocity [ m∕s ] 𝜌  Density [kg ⋅m−3]

𝑇 𝑢  local turbulence intensity [%] 𝜆  Parameter Scales the Penalty Associated with the Complexity
𝑅𝑒  Reynolds number 𝛾  Cost Related to Complexity of Adding New Leaves to Trees
𝑀  Metabolic Rate [W ⋅m−2]  Subscripts
𝑊  External Work[W ⋅m−2] 𝑓  Fluid
hc  Convective Heat Transfer Coefficient [W ⋅m−2] 𝑖  Direction
Icl  Thermal resistance of the clothing 𝑒𝑓𝑓  Effective
𝑅2  R-squared 𝑢  Local
𝑠  Tangent Sigmoid Function 𝑟𝑒𝑓  Reference

𝑄𝑐𝑜𝑖𝑙  Cooling Coil Load 𝑐𝑙  Clothing
𝑄𝑠𝑝𝑎𝑐𝑒  Space cooling load  Abbreviation
𝑇e  Exhaust Temperature  ML  Machine Learning
𝑇f  Fresh Air Temperature  GA  Genetic Algorithms
𝑚̇f  Fresh Air Flow Rate  PSO  Particle Swarm Optimisation
𝑚̇e  Exhaust Air Flow Rate 𝑇 𝑎𝑏𝑃𝐹𝑁  Tabular Prior-data Fitted Network
𝑤𝑖𝑗  Initial Wight  CNN  Convolutional Neural Networks
𝐻𝑗  Hidden Layer Vector  DT  Decision Tree-Based Models

𝑃𝑃𝐷  Predicted Percentage of Dissatisfaction  GBM  Gradient Boosting Machines
𝑆𝐶𝑀  Structural Causal Models  RF  Random Forest
𝑃𝑀𝑉  Predicted Mean Vote 𝐵𝑃𝑁𝑁  Back Propagation Neural Networks
𝑀𝐴𝐸  Mean Absolute Error 𝑋𝐺𝐵𝑜𝑜𝑠𝑡  eXtreme Gradient Boosting
𝑅𝑀𝑆𝐸  Root Mean Squared Error 𝐶𝑎𝑡𝐵𝑜𝑜𝑠𝑡  Categorical Boosting
𝑆𝐻𝐴𝑃  SHapley Additive exPlanations 𝐴𝑁𝑁  Artificial Neural Networks

been reported that overall occupant satisfaction is still limited, i.e., only 
around 80% of occupants report comfort in roughly one-quarter of as-
sessed buildings [7]. Therefore, there is an urgent need for more efficient 
and adaptive environmental control strategies that can dynamically reg-
ulate indoor conditions while minimising energy consumption.

Before indoor environments can be optimised using novel environ-
mental control strategies or techniques, it is necessary to first evaluate 
and predict air quality, energy use and thermal comfort [8]. Simulation 
tools, such as TRNSYS [9], EnergyPlus [10], etc, are widely used for 
this purpose, with computational fluid dynamics (CFD) being particu-
larly popular due to its ability to provide detailed, intuitive and quanti-
tative analyses of airflow distribution, pollutant dispersion and thermal 
conditions from indoor scales [11,12] to urban scales [13,14]. For in-
stance, Xi, et al. [15] used CFD to analyse the impinging jet ventilation 
performance in an office by coupling the thermal and moisture transfer 
effects. Mahecha Zambrano and Baldini [16] developed a CFD-coupled 
thermoregulation framework to assess thermal comfort in spatially non-
uniform indoor environments. Feng, et al. [17] visualised aerosol spread 
in face-to-face meeting scenarios and introduced an air-curtain-based 
strategy to mitigate infection risks among occupants. Regarding energy 
consumption, Qin, et al. [18] parametrically evaluated the effect of re-
turn vent height in a room with stratified air ventilation, accounting for 
varying cooling coil loads. These studies demonstrate the critical role of 
CFD in indoor environment design. Nevertheless, achieving high-fidelity 
CFD solutions typically requires refined mesh elements, reduced time-
step sizes to resolve transient behavior, and complex multiphysics/mul-
tiphase coupling [19,20]. These factors inevitably result in prohibitively 
high computational costs and processing times, making real-time control 
infeasible. Given this pressing need, alternative approaches that offer 
faster, more efficient, and adaptable predictive capabilities are essential 
and thus worth developing. 

Machine learning (ML) techniques have been increasingly utilised 
in building environmental studies for prediction and optimisation pur-
poses, frequently in conjunction with algorithms, e.g., Genetic Algo-
rithms (GA) [21]. Various ML models, including Convolutional Neural 

Networks (CNNs) [22], Decision Tree-Based Models (DTs) [23–26], Ar-
tificial Neural Networks (ANNs) [27], etc, have been widely applied to 
estimate indoor air quality (IAQ) indicators (e.g., 𝐶𝑂2 concentration 
[28], particulate matter levels [29], ventilation effectiveness [30], air 
pollutant concentrations [31]), thermal comfort indices (e.g., Mean Vote 
(PMV) [32], comfort duration [33], temperature [34], humidity [35]), 
and energy indicators (e.g., HVAC energy consumption [36,37], total 
building energy demand [38], operational efficiency [39]). These mod-
els can capture complex nonlinear relationships among environmental 
parameters and deliver rapid predictions, making them valuable tools 
for guiding ventilation strategies, HVAC control, and building design 
[40]. Despite those efforts, most aforementioned ML-based studies have 
primarily addressed only a single dimension of indoor environmental 
performance and thus may not keep pace with the rising need for de-
signing advanced building envelopes. There is increasing evidence indi-
cating that, for intelligent and advanced building operations, indoor air 
quality, energy use, and thermal comfort should be optimised simultane-
ously [41]. However, in real-world settings, such multi-dimensional data 
are rarely collected simultaneously, which often leads to fragmented and 
limited datasets [42]. Therefore, to holistically achieve optimal indoor 
environment control, a predictive framework that can effectively handle 
multi-target prediction and remain reliable under limited data availabil-
ity is required. In addition, it is also worth noting that simultaneously 
optimizing these three aspects requires identifying the most influential 
factors from a large set of monitored parameters and performance in-
dicators. Even though ML algorithms can capture such nonlinear cou-
plings through their powerful approximation capabilities, their black-
box nature may hinder our ability to interpret the predictive informa-
tion. Therefore, incorporating the interpretability of predictive models 
becomes essential. 

To address the aforementioned research gaps, this study proposed a 
novel predictive and explainable framework based on the emerging in-
context learning foundation model, i.e., Tabular Prior-data Fitted Net-
work (TabPFN), coupled with SHapley Additive exPlanations (SHAP). 
TabPFN, a transformer-based model pre-trained to perform Bayesian 
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Fig. 1. Overall workflow in this study.

inference, has demonstrated strong predictive capabilities for small-
sample tabular datasets [43]. To our knowledge, the application of 
TabPFN within the building domain has not yet been investigated, sug-
gesting its potential for advancing predictive accuracy and optimisation 
in this field. To evaluate the robustness of the proposed framework, a 
validated CFD dataset was first developed to systematically generate 
multidimensional data, including IAQ, energy use and thermal comfort 
under various environmental and operational conditions. Such a dataset 
was used to train TabPFN, and its predictive performance was compared 
against those widely adopted ML models, including the BPNN, XGBoost 
and CatBoost. Finally, the SHAP method was employed to elucidate 
model predictions, enabling the identification of influential variables 
and uncovering deeper physical insights into the mechanisms govern-
ing indoor environmental dynamics. This study is expected to shed light 
on developing a predictive and explainable framework for multi-target, 
cross-domain indoor performance.

2.  Methodology

The overall workflow in this study involved the generation of a vali-
dated CFD-based dataset, training and benchmarking the TabPFN model 

against established ML methods, and applying SHAP analysis to inter-
pret multi-target indoor environmental predictions, as demonstrated in 
Fig. 1.

2.1.  Model description and simulation details

In this work, the model validation was based on experimental data 
reported in the existing literature, which were obtained from a venti-
lation operation experiment, i.e., an office room layout resembling a 
displacement ventilation system [44]. Fig. 2(a) demonstrates the over-
all configuration of the environmental test facility used in the litera-
ture, which aimed to provide a macroscopic view of the experimental 
chamber and its HVAC systems. In the experiments, the ventilation per-
formance in a specific two-person office arrangement within the test 
chamber was performed, as demonstrated in Fig. 2(b). In the exper-
imental setup, a perforated exhaust outlet was centrally mounted on 
the ceiling, whereas a perforated displacement diffuser (0.5 m × 1.1 m) 
was placed near the floor along the right-hand wall. The rectangular 
thermal manikin (0.4 m × 0.35 m × 1.1 m ) was used to simulate an oc-
cupant, with a heating source of 75W. Two personal computers (108W 
and 173W) served as additional heat sources. Each overhead fluorescent 

Energy & Buildings 354 (2026) 116925 

3 



X. Li et al.

Fig. 2. (a) Experiment model and (b) Numerical model of a office room and its detailed dimensions [44].

lamp provided an electrical power density of 34 W∕m2 for illumination. 
The ventilation rate was set at 4 ACH, with an inlet velocity of 0.09 m∕s
and temperature of 17.0◦C. To validate the results attained from the ex-
perimental measurements in the existing literature, a physical model of 
an office room with the same layout and configuration was numerically 
built, as demonstrated in Fig. 2(b).

To simulate the turbulent flow induced by displacement ventilation, 
this work used RNG k-epsilon model. The thermal buoyancy flow in-
duced via manikin body heat was modelled using the Boussinesq approx-
imation. The physical model was discretised with structured hexahedral 
mesh using the ANSYS ICEM Mesh 2022 R1, as shown in Fig. 3(a). 

All of the boundary conditions was set according to those found in 
the experimental study. To verify mesh independence, four computa-
tional grids with total cell counts of about 0.6, 1.1, 1.9, and 3.2 million 
were examined in this study. The mesh quality was first checked, and 
the grid convergence index was further examined. Furthermore, veloc-
ity information along several randomly selected locations was used as 
the indicator for the mesh independence test. Fig. 3(b) reveals that the 
velocity distribution changed insignificantly when the mesh density was 
increased from 1.9 to 3.2 million elements. Therefore, the mesh config-
uration of 1.9 million was finally selected.

In this study, the training dataset was generated from a series of CFD 
simulations of an indoor space equipped with displacement ventilation. 
To evaluate the robustness of the ML-based models, key variables were 
parametrically varied, resulting in a total of 36 case scenarios. The out-
lines of cases performed in this work can be found in Table 1.

Table 1 
Training variables combination used in this study.
Supply velocity (m/s) Supply temperature (◦C) Relative humidity (%)
 0.015, 0.045, 0.09  16 20, 24, 28  10, 30, 50, 70, 90

2.2.  Performance evaluation metrics for ventilation

In the study, the ventilation performance consisted of several com-
monly adopted criteria, listed as the age of air (MAA), the Predicted 
Mean Vote (PMV), draught rating index (DR), the Predicted Percentage 
of Dissatisfied (PPD) and energy consumption.

2.2.1.  Age of air
The local mean age of air (MAA) serves as an important indicator 

of indoor air quality (IAQ), describing the average residence time of 
airflow from the inlet to a given point within the occupied space [45]. 
A higher MAA indicates areas where air is not effectively ventilated, 
potentially leading to poorer air quality. The governing equation for 
MAA can be written as follows:

𝜌
𝜕𝜏𝑢𝑗
𝜕𝑥𝑗

= 𝜕
𝜕𝑥j

[(

2.88𝜌 × 10−5 +
𝜇𝑒𝑓𝑓
𝑆𝑐𝑡

)

𝜕𝜏
𝜕𝑥𝑗

]

+ 𝑆𝜏 (1)

Here, 𝜏 refers to the local mean age of air (MAA), 𝜇eff indicates the 
effective turbulent viscosity, and 𝑆𝜏 stands for the source term. This 
formulation was incorporated into the solver via a user-defined function.
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Fig. 3. (a) Mesh information and (b) Mesh independence test.
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2.2.2.  Draught rating index (DR)
In this study, air quality and comfort are used in a broad sense 

to cover airflow-related indicators, including both the age of air (ven-
tilation effectiveness) and draft rate (local air movement discomfort) 
[46,47]. Draft rate is a widely used index to quantify the risk of local 
discomfort caused by unwanted air movement in indoor spaces. The DR 
is written as:
𝐷𝑅 =

(

34 − 𝑇𝑎
)

(𝑈 − 0.05)0.62(0.37 ⋅ 𝑇 𝑢 + 3.14) (2)

The parameters include the air temperature (𝑇𝑎, ◦C), the local mean 
air velocity (𝑈 , m∕s), and the local turbulence intensity (Tu, %). The 
turbulence intensity is quantified according to the following equation:
𝑇𝑢 = 0.16𝑅𝑒−0.125 (3)

where Re is defined as Reynolds number.

2.2.3.  PMV and PPD
Thermal perception terms such as "cold," "cool," "neutral," and 

"warm" describe an occupant’s subjective experience of temperature 
[48]. In contrast, thermal comfort is an objective measure, characterised 
as "pleasant" or "unpleasant." The Fanger model, widely used in built en-
vironments, relies on PMV and PPD [49,50]. These indices use steady-
state temperature, environmental variables, and clothing insulation to 
estimate the average thermal response of occupants. For acceptable ther-
mal conditions, PMV should range between -1 and +1, with an optimal 
comfort range of -0.5 to +0.5. The key equation of PMV can be written 
as:

𝑃𝑀𝑉 = [0.303 exp(−0.036𝑀) + 0.028]

×

⎧

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎩

(𝑀 −𝑊 ) − 3.05 × 10−5

×
[

5733 − 6.99(𝑀 −𝑊 ) − 𝑃𝑎
]

−0.42 × [(𝑀 −𝑊 ) − 58.15]
−1.7 × 10−5 ×𝑀 ×

(

5867 − 𝑃𝑎
)

−0.0014𝑀 ×
(

34 − 𝑇𝑎
)

−3.96 × 10−8 × 𝑓𝑐𝑙
×
[

(

𝑇𝑐𝑙 + 273
)4 −

(

𝑇𝑟 + 273
)4
]

−𝑓𝑐𝑙 × ℎ𝑐 ×
(

𝑇𝑐𝑙 − 𝑇𝑎
)

⎫

⎪

⎪

⎪

⎪

⎪

⎬

⎪

⎪

⎪

⎪

⎪

⎭

(4)

In this formulation, 𝑀 stands for the metabolic rate (W∕m2), W for 
the external work (W∕m2), Ta for the air temperature (◦C), hc for the 
convective heat transfer coefficient (W∕(m2 ⋅◦ C)), and Icl for the thermal 
resistance of clothing (m2 ⋅◦ C∕W).

The PPD based on PMV value can be expressed as
𝑃𝑃𝐷 = 100 − 95 exp

(

−0.03353𝑃𝑀𝑉 4 − 0.2179𝑃𝑀𝑉 2) (5)

2.2.4.  Energy consumption
This work adopted the cooling coil load, Qcoil , to quantify the en-

ergy use of the ventilation system. The index is extensively utilised for 
assessing exhaust-return configurations [11], with its formulation given 
as follows:
𝑄coil = 𝑄space − 𝑐𝑝𝑚̇f

(

𝑇e − 𝑇f
)

(6)

Here, 𝑄space denotes the space cooling load, which includes both 
internal heat sources and external heat transfer through the walls. 𝑇f
ans 𝑇e represent the fresh and exhaust air temperatures, respectively. 
For airtight spaces, fresh air mass flow rate (𝑚̇f) is equal to the exhaust 
air (𝑚̇e). The corresponding schematic layout is illustrated in Fig. 4.

2.3.  Machine learning models

This study used TabPFN, a cutting-edge foundation model designed 
for small tabular datasets, as the benchmark framework for multi-target 
prediction of indoor environmental performance in order to address the 
difficulty of producing accurate and interpretable predictions with a lim-
ited small training dataset. Three popular machine learning algorithms, 

Fig. 4. Stratified air distribution system.

Fig. 5. Schematic diagram of the TabPFN.

i.e., BPNN, XGBoost, and CatBoost, are used for comparison in order 
to methodically assess its performance. The SHAP (SHapley Additive 
exPlanations) method was subsequently used to improve outcome in-
terpretability and determine the key physical parameters that govern 
changes in energy use, indoor air quality, and thermal comfort.

2.3.1.  TabPFN model
We use TabPFN, a transformer-based meta-learner that approximates 

the Bayesian posterior predictive for small- to medium-sized tabular 
tasks [43,51]. During pretraining, the model is exposed to a very large 
corpus (about 1.3 × 108) of synthetically generated datasets sampled 
from a prior over data-generating mechanisms instantiated via struc-
tural causal models (SCMs).

At inference, we serialise the support set (𝑋train, 𝑌train) and the 
queries 𝑋test into a single sequence and feed it to the transformer un-
der a block-causal attention mask, such that each query can attend to 
all support items (features and labels) but not to other queries nor to 
any query labels. In a single forward pass-without any gradient updates 
on the target dataset-the model outputs for each query 𝑥∗ a predictive 
density

𝑝̂𝜃
(

𝑦∗ ∣ 𝑋train , 𝑌train , 𝑥∗
)

(7)

For our regression task, we follow the TabPFN formulation: apply 
a monotone transform 𝑇  to the targets (z-score with an optional Yeo–
Johnson/power transform), and parameterise on the 𝑇 -space a piecewise-
constant predictive density by assigning probabilities to 𝐵 contiguous 
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Fig. 6. Multi-output BPNN model architecture used in this study.

quantile bins, augmented with half-normal tails to ensure full support. 
Writing the bin borders as {𝑏𝑘}𝐵𝑘=0 and the predicted bin probabilities as 
{𝜋𝑘}𝐵𝑘=1 (via a softmax), the predictive density over 𝑇 (𝑦) is

𝑝
(

𝑇 (𝑦) ∣ 𝑋test , 𝑋train , 𝑌train 
)

=
𝐵
∑

𝑘=1
𝜋𝑘

𝕀
{

𝑇 (𝑦) ∈
[

𝑏𝑘−1, 𝑏𝑘
)}

𝑏𝑘 − 𝑏𝑘−1
+ 𝑝tail (𝑇 (𝑦)),

(8)

where 𝑝tail denotes the half-normal tails attached to the outermost bins. 
The final predictive density on the original scale is obtained via the 
change of variables 𝑝(𝑦) = 𝑝(𝑇 (𝑦)) |𝑇 ′(𝑦)|. In practice, we report point 
estimates (e.g., mean or median under 𝑝(𝑦)) and prediction intervals 
from its cumulative mass.

Fig. 5 demonstrates the schematic diagram of TabPFN. As shown 
in Fig. 5(a), the inference process concatenates the context set 𝐶 =
(

𝑋train, 𝑌train
) with the query inputs 𝑋test  to predict the correspond-

ing outputs 𝑌test. The backbone network, depicted in Fig. 5(b), consists 
of a stack of two-dimensional transformer layers, where each layer se-
quentially performs column-wise (feature-level) self-attention and row-
wise (sample-level) self-attention, followed by a position-wise multi-
layer perceptron. All sublayers incorporate residual connections and 
half-precision layer normalisation. In this work, we used 12 such layers, 
and this alternating row/column attention structure enables the model 
to jointly capture inter-feature and inter-sample dependencies. Finally, 
as highlighted in Fig. 5(c), the prediction head outputs a piecewise-
uniform density distribution over quantile bins in a normalised target 
space with half-normal tails; an inverse transformation is subsequently 
applied to recover the predictive density in the original scale.

2.3.2.  Backpropagation neural network (BPNN)
BPNN model has been widely used for predicting complex and non-

linear variables in the field of built environments. As building design 
continues to incorporate an increasing number of variables for consider-
ation, a robust surrogate model must effectively handle multiple input 
and output variables. In this study, we evaluated the predictive capa-
bility of BPNN in managing a large set of input and output variables, 
assessing its suitability as a versatile alternative model for future design 
applications. Fig. 6 shows that the input layer consists of supply ve-
locity, mass flow rate, supply temperature, relative humidity, exhaust 

temperature, average velocity, temperature, and turbulence intensity at 
the given height, and Qspace. The outputs consist of the age of air, draft 
rate and PMV/PPD for each manikin, average draft rate and PMV at the 
given plane, and Qcoil.

During training, initial weights (𝑤𝑖𝑗
) and biases (𝑏𝑗

) between the 
input and hidden layers are randomly assigned to establish the connec-
tions between these layers. The hidden layer vector 𝐻𝑗 is computed as:

𝐻𝑗 =
𝑛
∑

𝑖=1
𝑤𝑖𝑗𝑥𝑖 + 𝑏𝑗 (9)

where 𝑊 =
(

𝑤1𝑗 , 𝑤2𝑗 ,… , 𝑤𝑛𝑗
) represents the weights between the 

hidden layers and input layers. The hidden layer employs a tangent-
sigmoid activation function (𝑆), mathematically defined as:

𝑠𝑗 =
1 − 𝑒𝐻𝑗

1 + 𝑒𝐻𝑗
(10)

2.3.3.  eXtreme gradient boost (XGBoost) and categorical boosting 
(CatBoost)

XGBoost, developed by Chen and Guestrin [52], introduced regular-
isation term into the objective function to smooth the ultimate learning 
weights and reduce the risk of overfitting [53,54]. In this study, the 
training and predictive variables of XGBoost were as same as those for 
the BPNN model. The objective function of XGBoost is formulated as 
follows:

Obj(𝜙) =
𝑛
∑

𝑖=1
𝑙
(

𝑦𝑖, 𝑦̂𝑖
)

+ 1
2
𝜆

𝑄
∑

𝑞=1
𝑤2

𝑞 + 𝛾𝑄 (11)

Here, 𝑙 denotes a differentiable convex loss function that quantifies 
the difference between the target value 𝑦𝑖 and the predicted output 𝑦̂𝑖. 
The variable 𝑛 represents the total number of samples in the dataset. The 
coefficient 𝜆 controls the strength of the regularisation term by scaling 
the penalty imposed on model complexity and the weight parameters 
𝑤𝑞 . The term 𝛾 corresponds to the cost associated with adding additional 
leaves to the trees. A schematic illustration of the XGBoost framework 
is provided in Fig. Fig. 7(a).

A recent algorithm for gradient boosting called CatBoost, which 
is designed to efficiently handle categorical variables while reducing 
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Fig. 7. Schematic diagram of the decision-tree based model (a) XGBoost and 
(b) CatBoost.

overfitting and improving generalisation [55]. Categorical features con-
sist of distinct values that cannot be directly utilised in binary deci-
sion trees, often requiring transformation into numerical representa-
tions through methods like one-hot encoding. Unlike traditional boost-
ing methods, CatBoost assigns increased weighting to misclassified in-
stances as trees are sequentially trained. Each tree refines predictions 
based on prior errors, and the final output is computed as a weighted 
average of all predictors, enhancing accuracy while reducing overfitting 
[56]. A schematic illustration of the CatBoost framework is provided in 
Fig. 7(b).

2.3.4.  Interpretability analysis based on SHAP
Currently, ML-based surrogate modeling techniques are typically re-

garded as black-box approaches that offer little transparency regarding 
their internal functioning. To address this limitation, this work applied 
SHapley Additive exPlanations (SHAP) analysis to quantitatively reveal 
the contributions and directionality of each input feature to model pre-
dictions.

SHAP analysis originates from Shapley value theory [57], ensuring a 
consistent and equitable allocation of feature contributions. The method 
determines each feature’s effect on a specific prediction by contrasting 
model outputs that include or exclude the feature in question. To obtain 
the global feature importance, the weighted average of each feature’s 
contribution across all instances was computed.

2.3.5.  Evaluation metrics and hyperparameter determination
To obtain optimal predictive outcomes, a grid search strategy was 

applied to determine the optimal hyperparameters of each model. Five-
fold cross-validation was applied to evaluate model performance, and 

the configuration yielding the minimum validation loss was identified 
as optimal.

Model evaluation was performed by adopting widely used error met-
rics. Model evaluation was conducted using several widely adopted er-
ror metrics. To assess the goodness of fit, we employed the coefficient of 
determination (R2). To evaluate prediction accuracy, we used the Mean 
Absolute Error (MAE) and the Root Mean Squared Error (RMSE), both 
of which provide consistent and interpretable absolute error measure-
ments. The definitions of these metrics are summarised below:

𝑀𝐴𝐸 = 1
𝑛

𝑛
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| (12)

𝑅𝑀𝑆𝐸 =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2 (13)

𝑅2 = 1 −
∑

(

𝑦𝑖 − 𝑦̂
)2

∑
(

𝑦𝑖 − 𝑦̄
)2

(14)

Here, 𝑦𝑖 denotes the observed value, 𝑦̂𝑖 represents the predicted 
value, and 𝑦̄ indicates the mean of 𝑦. The symbol n refers to the total 
number of samples.

For the experimental setup, fixed data splits for training, validation, 
and testing were used. The full dataset was randomly divided into a 
75% development set and a 25% held-out test set using a fixed ran-
dom seed to ensure reproducibility. Hyperparameters for BPNN, Cat-
Boost, and XGBoost were tuned on the development set via a compre-
hensive grid search. For each configuration, we conducted 5-fold cross-
validation within the development set and selected the configuration 
with the best average cross-validation performance. The hyperparame-
ter search spaces and the selected best hyperparameters are reported in 
the Appendix, as outlined in Table 3-5

For BPNN, the best configuration is a three-layer MLP with hidden 
sizes [256, 256, 128], GELU activations, no dropout, and no batch nor-
malisation, trained with AdamW, learning rate 10−3, weight decay 10−5, 
batch size 64, and MSE loss. Training was run for at most 800 epochs 
with early stopping on the validation loss (patience 80, minimum im-
provement 10−5), and the learning rate was reduced by a factor of 0.5 
when the validation loss plateaus for 30 epochs. Both input features 
and multi-output targets were standardised using statistics computed 
on the training data, and predictions were inverse-transformed to the 
original target scale for evaluation. For CatBoost, the best configuration 
usesd depth 6, learning rate 0.03, 𝐿2 leaf regularisation 10, rsm 0.8, 
and Bernoulli bootstrap with subsample 0.8, trained as a single multi-
output CatBoostRegressor with the MultiRMSE loss/metric. For 
XGBoost, the best configuration used max_depth 4, learning rate 0.03, 
min_child_weight 1, subsample 0.8, colsample_bytree 1.0, reg_alpha 0.0, 
reg_lambda 1.0, and gamma 0.0, with the multi_output_tree strat-
egy for joint multi-target prediction.

After selecting the best hyperparameters via 5-fold cross-validation 
on the development set, we retrained BPNN, CatBoost, and XGBoost us-
ing the training subset of the development set and used the remaining 
10% as a validation set for early stopping. We then reported final per-
formance on the held-out test set. For TabPFN 2.0, we follow training-
free inference: the entire training portion of the development set was 
provided as in-context reference, and each test instance was queried 
without fine-tuning.

3.  Results and discussions

3.1.  Validation

To ensure the robustness of the simulated dataset, the validation was 
first performed, as demonstrated in Fig. 8.

Fig. 8(a) shows the extracted planes and lines for the purpose of com-
parison. For this validation case (supply velocity −0.09 m∕s, supply tem-
perature −17◦C ), the predicted velocity vectors along the mid-plane of 
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Fig. 8. Comparisons of CFD-predicted results with experimental measurements (a) Comparison line location, (b) airflow pattern comparison, and (c) velocity and 
contaminant concentration comparison.
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Fig. 9. Airflow field visualisation across the middle plane: (a) Velocity field, (b) PMV, (c) Temperature field, (d) MAA, and (e) DR.

Fig. 10. Normalised responses of Age of air, PMV, and Q_coil under variations in key input variables.
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Fig. 11. Correlations between ML predictive and CFD outcomes.

the domain exhibited an airflow pattern consistent with the experimen-
tal observations, as illustrated in Fig. 8(b). Quantitatively, both the ve-
locity and contaminant concentration profiles demonstrated satisfactory 
agreement between the simulation and experimental measurements, as 
shown in Fig. 8(c). The results proved the dataset attained from the nu-
merical simulations can be trustworthy for the following machine learn-
ing analysis.

3.2.  Airflow field visualisation

The airflow and indoor environment are shaped by displacement 
ventilation across the middle plane under the benchmark case (𝑉𝑖𝑛𝑙𝑒𝑡
= 0.09m/s, 𝑇𝑖𝑛𝑙𝑒𝑡 = 20ement ventilation across the middle plane under 
the benchmark case (𝑉𝑖𝑛𝑙𝑒𝑡 = 0.09m/s, 𝑇𝑖𝑛𝑙𝑒𝑡 = 20◦C), as demonstrated 
in Fig. 9. The velocity field exhibits a typical displacement pattern, as 
seen in Fig. 9(a), with a stronger jet emerging close to the diffuser and 
low air speeds predominating in the occupied zone. By gently deliver-
ing fresh air at floor level, this design enables buoyancy forces from heat 
sources to propel upward motion. This stratification can be reflected in 
the PMV distribution shown in Fig. 9(b). While the upper zone gradually 

shifts toward warmer sensations, the lower occupied region stays near 
thermal neutrality (-0.5 to +0.5). This vertical gradient is supported by 
the temperature field in Fig. 9(c), which shows warmer air accumulating 
at the ceiling and cooler air near the floor. Fig. 9(d) showed the mean 
age of air measures the effectiveness of ventilation. Low air ages in the 
occupied zone indicate an efficient supply of fresh air, while higher val-
ues near the upper layers reveal limited mixing. Only a small area close 
to the diffuser experiences elevated draft risk values (Fig. 9(e)), with the 
majority of the occupied area remaining well below the 20% threshold, 
indicating little discomfort from undesired air movement.

Fig. 10 further quantitatively revealed the representative indoor en-
vironmental indicators responding to controlled variations of major in-
put variables, aiming to further verify the following SHAP analysis. 
Three indicators, i.e., the age of air, the PMV value of manikin 1, and 
Q_coil were adopted for the purpose of demonstration. For each variable 
examined, all remaining parameters were held constant to ensure that 
the observed trends reflect the isolated influence of the target variable. 
For the age of air, it can be found that sensitive variations were induced 
by temperature and mass flow rate. As this is a displacement ventila-
tion system, the buoyancy-driven flow is predominantly influenced by 
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Fig. 12. Histogram-based comparison of prediction errors in air quality and thermal comfort estimation using four ML models-(a) BPNN, (b) CatBoost, (c) XGBoost, 
and (d) TabPFN.

the exhaust and supply temperatures. An increase of several degrees can 
lead to a rise in the age of air of up to approximately 4.2-fold. A reduc-
tion of the mass flow rate by up to 75% results in almost a five-fold 
increase in the age of air, quantitatively demonstrating the strong non-
linear dependence of ventilation effectiveness on the volume of supplied 
fresh air. Fig. 10(b) further highlights the PMV variations under changes 
in RH and supply temperature. Increasing the supply temperature shifts 
PMV from near-neutral levels to approximately 0.98, while raising RH 
from 10% to 90% results in a comparable increase of roughly 1. These 
quantitative trends confirm that PMV is strongly governed by both sen-
sible and latent heat exchange. For energy use, Fig. 10(c) revealed that 
the increase of exhaust temperature results in a reduction of Q_coil of 
up to nearly 11%. This is because a higher exhaust temperature reduces 
the effective temperature difference available for sensible heat removal, 
thereby diminishing the net cooling demand that must be supplied by 
the coil [18]. Supply velocity, in this scenario, showed a relatively small 
influence on Q_coil, as changes in inlet momentum have only a minor 
effect on the overall room air temperature field and thus only weakly 
alter the cooling load [18].

3.3.  Meachine learning results

In this study, four multi-target machine learning (ML) models, BPNN, 
XGBoost, CatBoost, and TabPFN, were employed to predict the overall 
indoor environmental conditions. Detailed input and output features re-
ferred to Fig. 6.

Since multiple variables were involved, all variables within each cat-
egory were first normalised and then averaged to obtain the represen-
tative 𝑅2 values shown in Fig. 11, which illustrates the prediction cor-
relations of different models for each output category on the training 
dataset. It can be observed that for the training dataset, the 𝑅2 values of 
all four models exceed 0.85, indicating that the machine learning mod-
els can effectively capture multiple indoor environmental objectives by 
explaining more than 85% of the variance in the target indicators. The 
data points are also closely aligned with the identity line, confirming 
a strong agreement between the predicted and actual values. However, 
BPNN performed the worst overall, particularly for air quality indices, 
where its 𝑅2 values dropped below 0.90. By contrast, TabPFN exhib-
ited remarkable predictive accuracy across all categories, with 𝑅2 values 
consistently ranging from 0.96 to nearly 1.0. Most notably, for energy 
consumption and thermal comfort indicators, TabPFN reached 𝑅2 val-
ues close to 0.999, far surpassing the performance of BPNN and even 
slightly outperforming the strong baselines of XGBoost and CatBoost.

Figs. 12 and 13 illustrate the distributions of prediction errors ob-
tained from four machine learning algorithms under both training and 
testing conditions for air quality, thermal comfort, and energy consump-
tion metrics. BPNN and CatBoost produce the widest error distribu-
tions, which reflect larger prediction fluctuations and lower overall ac-
curacy. XGBoost reduces the error range considerably, particularly for 
Age of Air Plane, Q_coil, PPD_manikin_1, PPD_manikin_2, DR_manikin_1, 
DR_manikin_2, and DR_plane, showing an order-of-magnitude improve-
ment compared to BPNN. In contrast, TabPFN delivers the most compact 
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Fig. 13. Histogram-based comparison of prediction errors in thermal comfort and energy consumption by four ML algorithms, (a) BPNN, (b) CatBoost, (c) XGBboost 
and (d) TabPFN.

error distributions, with most errors constrained within a very narrow 
range, corresponding to a 1-2 orders-of-magnitude reduction compared 
to the other models. This highlights that TabPFN holds a clear order-of-
magnitude advantage in both error magnitude and distribution compact-
ness, demonstrating significantly higher predictive precision and stabil-
ity. Such superior accuracy provides a more reliable foundation for the 
subsequent multi-objective optimisation purpose of indoor environmen-
tal control strategies, such as using GA or PSO algorithms.

Fig. 14 further calculated the MAE and RMSE of different models 
across multiple objectives. It was found that, for different prediction 

targets, all models performed well when predicting PMV and DR val-
ues, with MAE and RMSE remaining below 0.1275 and 0.5035, respec-
tively. However, for other targets, including PPD, Q_coil, and the age of 
air, the prediction errors were significantly higher. Among the models, 
BPNN produced the largest errors for predicting the age of air plane, 
with MAE and RMSE reaching 415.7285 and 538.0678, respectively. In
contrast, TabPFN demonstrated a much stronger advantage, achieving 
MAE and RMSE values of 4.76 and 6.81. For predicting the age of air 
plane, 𝑄coil, PPDmanikin_1, and PPDmanikin_2, compared to BPNN, TabPFN 
reduced the MAE by 98.96%, 98.79%, 98.05%, and 98.42%, respec-
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Fig. 14. MAE and RMSE evaluation of the predicted models.

tively. Even when compared to the second-best performing model, XG-
Boost, TabPFN still achieved additional MAE reductions of 16.80%, 
81.59%, 99.70%, and 97.60%. Overall, when considering all predic-
tion targets, TabPFN achieved MAE reductions of 95.40%, 62.08%, and 
80.42% compared to BPNN, XGBoost, and CatBoost, respectively. Sim-
ilarly, the RMSE was reduced by 85.50%, 49.15%, and 65.24%.
This indicates that TabPFN achieves order-of-magnitude improvements 
in prediction accuracy, demonstrating its clear superiority on this small 
dataset. Such performance stems from its unique algorithmic design: 
unlike traditional models that rely heavily on manual hyperparameter 
tuning and large datasets, TabPFN employs a pre-trained transformer-
based architecture specifically optimised for tabular data. This enables it 
to efficiently capture complex nonlinear relationships and feature inter-
actions while requiring significantly fewer training samples. Its strong 
generalisation ability and adaptability to varying data distributions give 
TabPFN a substantial edge over conventional ML models.

In a nutshell, Table 2 outlines the ranking performance of all tested 
models on multi-output prediction tasks. It is evident that the TabPFN 
model demonstrates superior performance by striking an optimal bal-
ance between predictive accuracy and computational efficiency, achiev-

Fig. 15. Global feature importance based on column-normalised mean absolute 
SHAP values.

ing inference in only 6.66 s, which is approximately 85.8% and 85.9% 
faster than BPNN and CatBoost, respectively, and 67.5% faster than XG-
Boost.

To improve interpretability, SHAP analysis was performed to visu-
alise and quantify the influence of individual input factors. Fig. 15 shows 
the column-normalised mean global feature importance values across all 
prediction targets. Several consistent patterns can be observed. For in-
stance, the supply and exhaust temperatures appear as the most influen-
tial variables across nearly all targets, which highlights the predominant 
role of buoyancy-driven thermal stratification in displacement ventila-
tion. These trends are consistent with the numerical results presented 
in Figs. 9 and 10, which similarly show that increasing temperature can 
significantly influence the age of air and thermal comfort in a nonlinear 
manner. In addition, for the age of air, mass flow rate also contributes 
the most, which is consistent with its physical definition and aligns with 
the CFD observations, i.e., incoming flow directly influences ventila-
tion efficiency. The PMV output is primarily affected by supply tem-
perature and RH, reflecting the combined effects of sensible and latent 
heat exchange on thermal sensation. Q_space also shows strong influ-
ence on many outputs, particularly thermal comfort and energy-related 
predictions. In contrast, geometric and turbulence-related parameters, 
e.g., height, turbulence intensity, have relatively minor effects. Based 
on these interpretability results, it can be seen that the TabPFN model 
has learned physically meaningful relationships; through SHAP analy-
sis, an overview of how input variables contribute to the multi-target 
prediction task can be further obtained.

In addition to the global interpretation, local SHAP explanations 
were applied to several representative samples to examine instance-level 
behavior. These plots reveal the directional influence of individual fea-
tures, as shown in Fig. 16. The clustering of high (red) and low (white) 
feature values on opposite sides of the SHAP axis highlights the asym-
metric influence of each feature, indicating that the learned mapping is 
nonlinear. For the age of air, it can be found that high exhaust tempera-
tures consistently result in positive SHAP values, while increasing mass 
flow rate negatively impacts the age of air. For PMV, the local SHAP 
patterns clearly capture the expected influence of supply temperature 
and RH, with higher values driving positive SHAP contributions, i.e., 
warmer predicted sensation. A similar ranking of dominant features is 
observed for PPD, which is consistent with its formulation as a direct 
function of PMV. Overall, SHAP analysis improves model interpretabil-
ity by quantifying and ranking feature contributions, capturing both the 
relative importance and the nonlinear, directional effects of inputs. It is 
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Fig. 16. Local SHAP explanations for representative prediction targets.
Table 2 
Model ranking results and inference time.
Rank Q_coil PMV_plane PMV_manikin_1 PMV_manikin_2 PPD_manikin_1 PPD_manikin_2 DR_plane DR_manikin_1 DR_manikin_2 Age of air plane Time (s)
 BPNN  4  3  2  3  4  4  4  3  3  4  46.87
 CatBoost  3  2  3  2  2  2  1  2  2  3  47.11
 XGBoost  2  4  4  3  3  3  2  4  4  2  20.52
 TabPFN  1  1  1  1  1  1  3  1  1  1  6.66

expected to provide supplemental insights for optimizing environmental 
control strategies.

4.  Limitation

Overall, this work reveals the potential of an explainable in-
context learning framework, i.e., the TabPFN-SHAP framework, as a 
lightweight, data-efficient surrogate model for multi-target indoor en-
vironmental performance prediction. However, this study was subject 
to several limitations. First, to evaluate the proposed framework’s ro-
bustness, a dataset generated from validated CFD simulations under 
parametrised conditions was adopted, which cannot fully represent the 
full variability and stochasticity of real buildings. In the real-world sce-
nario, more factors should be carefully considered, such as occupant be-
haviour, ventilation system dynamics, etc. Second, the relatively small 
dataset may also limit the generalisability of the machine-learning mod-
els. Although such a dataset is physically coherent and widely adopted 
in similar studies [58,59], it may still potentially constrain the model’s 
extrapolation capability. In the future, to improve model generalisabil-

ity, expanding the dataset through additional simulations and real field 
measurements in various indoor spaces, e.g., naturally ventilated build-
ings, is desirable.

5.  Conclusion

In this study, an interpretable predictive framework was developed 
for indoor environmental management by integrating validated CFD 
simulations with state-of-the-art in-context learning ML models, i.e., 
TabPFN. A CFD dataset derived from an experimentally validated model 
was first established to systematically generate data for analyzing the 
coupled effects of ventilation parameters on IAQ, energy use and ther-
mal sensation. An interpretable in-context learning framework inte-
grating TabPFN and SHAP analysis was developed and trained on this 
dataset, aiming to predict various evaluation criteria metrics regarding 
air quality, comfort and energy use. TabPFN, as one of the latest mod-
els for tabular datasets, was compared with several commonly adopted 
benchmark models, i.e., BPNN, XGBoost, and CatBoost. The key out-
comes of this study can be summarised as follows:
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• The validated CFD dataset was shown to provide reliable representa-
tions of airflow and temperature distribution, with the outcomes of 
each indicator closely related. The dataset size remained relatively 
limited due to the parametric setup, which aimed to reflect the real-
world challenge that multi-dimensional experimental or monitoring 
datasets are often scarce.

• TabPFN consistently outperformed benchmark models, achieving R2

values close to 0.999 across multiple targets. Compared with BPNN, 
XGBoost, and CatBoost, TabPFN reduced MAE by up to 95.40% and 
RMSE by up to 85.50%, while also delivering 67.5-85.9% faster in-
ference. It is worthing mentioning that for error bins, TabFPN can 
achieve one to two orders of magnitude narrower than those of 
competing models. These improvements demonstrate the in-context 
learning based algorithm has much better generalisation ability com-
putational efficiency. Therefore, it can be regarded as a robust sur-
rogate modelling approach for complex, small-sample, multiphysics 
prediction problems.

• SHAP method revealed distinct dominant features for different ob-
jectives. For air quality and comfort, mass flow rate together with 
supply and exhaust air temperatures had the strongest influence. For 
thermal comfort, supply air temperature and relative humidity were 
the most critical factors. For energy use, exhaust air temperature 
emerged as the dominant driver of cooling coil load. Their nonlin-
ear and directional effects on key indicators such as age of air, draft 
risk, thermal sensation, and cooling demand were quantitatively vi-
sualised, which provide interpretable physical insights into model 
predictions and system behavior.
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Appendix A. 

Table 3 
Hyperparameter setup for regression NN.

 Hyperparameter search space
 Hyperparameter  Value range
 hidden_sizes [64], [128], [256]

[128, 64], [256, 128], [512, 256], [256, 256]
[128, 128, 64], [256, 128, 64], [256, 256, 128]

 activation {relu,gelu,leakyrelu}
 dropout {0.0, 0.1, 0.2}
 batchnorm {False,True}
 batch_size {32, 64}
 optimiser {adam,adamw,sgd}
 lr {10−3 , 5 × 10−4 , 10−4}
 weight_decay {0.0, 10−5 , 10−4}

 Best hyperparameters
 Hyperparameter  Value
 hidden_sizes [256, 256, 128]
 activation  gelu
 dropout 0.0
 batchnorm  False
 batch_size 64
 optimiser  adamw
 lr 10−3

 weight_decay 10−5

Table 4 
Hyperparameter setup for CatBoost.

 Hyperparameter search space
 Hyperparameter  Value range
 depth {6, 8, 10}
 learning_rate {0.03, 0.01}
 l2_leaf_reg {1, 3, 10}
 rsm {1.0, 0.8}
 bootstrap_type {Bayesian,Bernoulli}
 bagging_temperature {0.0, 1.0, 5.0} (for Bayesian)
 subsample {1.0, 0.8, 0.6} (for Bernoulli)

 Best hyperparameters
 Hyperparameter  Value
 depth 6
 learning_rate 0.03
 l2_leaf_reg 10
 rsm 0.8
 bootstrap_type  Bernoulli
 subsample 0.8

Table 5 
Hyperparameter setup for XGBoost.

 Hyperparameter search space
 Hyperparameter  Value range
 max_depth {3, 4, 6, 8}
 learning_rate {0.03, 0.01, 0.005}
 min_child_weight {1, 3, 5}
 subsample {0.7, 0.8, 1.0}
 colsample_bytree {0.6, 1.0}
 reg_alpha {0.0, 0.1, 1.0}
 reg_lambda {1.0, 5.0, 10.0}
 gamma {0.0, 1.0}

 Best hyperparameters
 Hyperparameter  Value
 max_depth 4
 learning_rate 0.03
 min_child_weight 1
 subsample 0.8
 colsample_bytree 1.0
 reg_alpha 0.0
 reg_lambda 1.0
 gamma 0.0
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