Integrated Modeling for Chemistry of Indoor Environments: Progress and Future Perspectives

Manabu Shiraiwa,1,* Nicola Carslaw,2,* Pascale S. J. Lakey,1 Meredith Schervish,1 Douglas J. Tobias,1,* Michael von Domaros,1,3 David R. Shaw,2 Toby J. Carter,2 Donghyun Rim,4,* Suwhan Yee,4 Michael Waring,5,* Bryan E. Cummings,5 Glenn Morrison,6,* Clara M. A. Eichler,6 Andreas Zuend,7,* Chenyang Bi,8 John C. Little9,* 

1. Department of Chemistry, University of California, Irvine, CA 92697, USA
2. University of York, York, YO10 5NG, UK
3. Fachbereich Chemie, Philipps-Universität Marburg, Marburg 35032, Germany
4. Pennsylvania State University, University Park, PA 16802, USA
5. Drexel University, Philadelphia, PA 19104, USA
6. Department of Environmental Sciences and Engineering, Gillings School of Global Public Health, University of North Carolina, Chapel Hill, NC 27599, USA
7. McGill University, Montreal, H3A 0B9, Canada
8. Aerodyne Research, Billerica, MA 01821, USA
9. Department of Civil and Environmental Engineering, Virginia Tech, Blacksburg, VA 24061 USA
* Correspondence to: m.shiraiwa@uci.edu; nicola.carslaw@york.ac.uk; dtobias@uci.edu; dxr51@psu.edu; msw59@drexel.edu; glennmor@email.unc.edu; andreas.zuend@mcgill.ca; jcl@vt.edu


Submitted to ES&T Air (special issue “Indoor Air Chemistry in the Context of a Changing Climate”) as Perspective


Abstract.
The Modeling Consortium of Chemistry of Indoor Environments (MOCCIE) develops and integrates various indoor models across a wide range of spatial and temporal scales, including molecular dynamics simulations, kinetic process models, gas-phase and aerosol chemistry models, and computational fluid dynamic simulations. We take a holistic approach to apply our models to numerous laboratory experiments and indoor field campaigns to constrain model parameters, to gain molecular- and process-level understanding, and to extrapolate to different building operating conditions. We summarize our major findings of model applications to cross-cutting themes including partitioning and reactions on indoor surfaces, human skin ozonolysis to form the human oxidation field, oxidation of volatile organic compounds to generate semi-volatile organic compounds and secondary organic aerosols, and spatial distributions of indoor compounds around human occupants and in rooms.  Finally, we discuss future perspectives of indoor chemistry modeling, including indoor emissions as a source of outdoor air pollutants and impacts of climate change on indoor chemistry.

1. Introduction
Indoor air quality research has never been more important. In developed countries, it is estimated that we spend about 90% of our time indoors, whether in our homes, at work, or commuting between the two.1 Our exposure to air pollution thus occurs primarily in the indoor environment, even if the indoor pollutants are generated outdoors.2-6 A full understanding of the pathways by which air pollutants form, transform and move indoors is necessary to assess our exposure to air pollution and implement appropriate mitigation strategies.7-9 Many of the reactions and processes that impact indoor air quality are still uncertain and can be very different compared to outdoor air. Low light levels indoors cause reduced photochemistry while the much larger surface to volume ratios indoors makes heterogeneous chemistry especially important.10-15 Activities such as cooking and cleaning, significantly impact the composition of indoor air.7, 16 Skin lipid ozonolysis, the use of personal care products and metabolic emissions can also affect indoor air quality.17-21  Ventilation will result in outdoor chemicals being transported indoors while chemicals formed or released indoors can accumulate indoors (depending on their lifetime) before being transported outdoors.7, 22 Indoor emissions can affect outdoor air with recent research identifying the use of consumer products containing volatile organic chemicals indoors as a significant source of organic compounds outdoors.23, 24
There are a huge number of different indoor spaces, with many factors that can impact air quality within them including room size, temperature, relative humidity, surface materials, human occupancy, indoor emissions, current and past activities, outdoor air quality, and ventilation.25, 26 Laboratory and chamber experiments as well as comprehensive indoor measurement campaigns can provide invaluable data, but often only a few conditions are investigated. Therefore, high quality models that can replicate measurements and are based on fundamental parameters are required to extrapolate to a wide range of indoor environments.26, 27 Indoor air models can also be used to assist in the interpretation of the data, identify key species, reactions and processes and to test and develop hypotheses.27 Additionally, these models can help to clarify gaps in our knowledge of parameters and in our fundamental understanding of indoor air chemistry and processes, and as such can be helpful for designing future experiments.27 Advances in experimental and modeling approaches now make it possible to treat indoor air chemistry as an integrated, multiscale problem and to assess recent scientific outcomes, including new models and codes that are available for broader use and that support improved predictive capability.
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Figure 1: Temporal and spatial scales involved in modelling indoor air chemistry applied to cross-cutting themes (in italic) in the modelling consortium MOCCIE (this figure is updated from a previous figure in Shiraiwa et al., 201928).

The Modeling Consortium for Chemistry of Indoor Environments (MOCCIE) was a project between 2017 – 2024, but enduring collaborations continue among some of its investigators. MOCCIE combines researchers with expertise in chemistry, engineering and building science as well as expertise in numerous modeling approaches. MOCCIE aims to integrate a wide range of models to answer important scientific questions, as presented in our overview of preliminary results in 2019.27 The models used in MOCCIE, as well as some of the main topics that were investigated, are summarized in Figure 1 and encompass important physical and chemical characteristics that influence indoor pollutant behavior in indoor environments. The applied models cover a wide range of time scales from nanoseconds to days and spatial scales from molecular to room scales, including molecular dynamics (MD) simulations, kinetic process models, gas-phase and aerosol chemistry models, and computational fluid dynamic (CFD) simulations. These models were applied to cross-cutting themes including indoor surface interactions, human skin ozonolysis and the human oxidation field, oxidation of volatile organic compounds (VOCs) and formation and transformation of semi-volatile organic compounds (SVOCs) and secondary organic aerosols (SOA), spatial distributions of indoor compounds, and impacts of climate change on indoor chemistry. Overall, the main scientific goals of MOCCIE were to make progress in understanding the effects of human occupants, surfaces and air chemistry on indoor air quality. This was to be achieved through a combination of different models and integration with laboratory experiments and indoor field observations. In this paper we summarize the outcomes of MOCCIE, including model creation, development and integration as well as major findings and progress in advancing our knowledge of the chemistry of indoor environments.

2. Modeling approaches 
2.1: Modeling surface interactions indoors	
Molecular dynamics (MD) simulations consist of numerically integrating the classical equations of motion (Newton’s second law) for a system of particles; in the MOCCIE MD simulations, the particles are individual atoms. The key ingredient that drives MD simulations is the set of forces on the individual atoms, which, in the MOCCIE project, are computed using an empirical molecular mechanics force field (FFMD)29 or ab initio from the electronic structure determined on the fly by density functional theory calculations (AIMD).30 The raw output of MD simulations is the trajectory, the collection of coordinates and velocities of all the particles as a function of simulation time (see Fig. 2a for a schematic of a thermal impingement of a molecule on a surface). MD simulations afford atomically detailed insights into the interactions of indoor-relevant compounds with indoor surfaces.31 In addition, a wide variety of structural, dynamic, thermodynamic, and kinetic properties can be computed from MD trajectories. The employment of enhanced sampling methods such as umbrella sampling (US),32 metadynamics (Metadyn),33 and adaptive biasing force (ABF)34 yields free-energy and diffusivity profiles that serve as input to calculating transport properties such as membrane permeability coefficients that quantify surface interaction strengths, define the interface with microscopic detail (Fig. 2b), and serve as input for calculating transport properties.35 Several quantities such as surface accommodation coefficient, desorption lifetime and bulk diffusivity derived from MD trajectories serve as input into kinetic multilayer models.36, 37 Other quantities, such as bulk accommodation coefficients, are common outputs of both MD simulations and kinetic models and can be used for cross-model validation (Fig. 2c).38 
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Figure 2: Molecular interactions of organic molecules with indoor-relevant surfaces.  (a) Acetone near a squalene film, illustrated with a schematic of a thermal impingement event. (b) Free-energy profile for acetone crossing squalene–air the interface, tracked by a collective variable z (distance from the center of a squalene slab), which distinguishes bulk from interfacial regions; partition coefficients can be calculated from the free-energy difference between the liquid and gas phases. (c) Comparison of bulk accommodation coefficients for selected skin oil oxidation products across the full range of values, showing excellent agreement between coefficients computed from MD simulations and those predicted by KM-SUB-Skin-Clothing. (d) Limonene adsorbed on hydroxylated silica, with a representative π-hydrogen bond highlighted. (e) Vibrational spectra computed from AIMD simulations reveal stronger water bending modes (~1650 cm-1) and a slight frequency shift as water coverage increases. (f) Free-energy profiles for limonene adsorption on hydroxylated silica, showing that increasing water coverage (monolayers) displaces limonene, disrupts interfacial hydrogen bonds, and lowers desorption energies. Additional details may be found in a recent review by von Domaros and Tobias.31

MD simulations can be validated by comparing vibrational spectra computed from AIMD simulations with experimental data.39 Experimentally validated MD simulations have been used to characterize the interactions of indoor-relevant volatile organic compounds (VOCs) with solid surfaces, including hydroxylated SiO2, as a model for glass, and TiO2, as a model for paint pigments and self-cleaning surfaces. The first system of this type to be investigated within MOCCIE was limonene on SiO2 (Fig. 2d). 40 Fourier-transform infrared (FTIR) spectra indicated the presence of a hydrogen bond interaction between the nonpolar limonene molecule and the OH groups on the silica surface. FFMD and AIMD simulations revealed π-hydrogen bonding involving the C=C bond in limonene, which was validated by a favorable comparison of vibrational spectra computed from the AIMD simulations (Fig. 2e) and the FTIR measurements. Subsequent combined FTIR and MD studies of other C=C-containing VOCs, such as the constitutional isomers of limonene,41 -pinene,41  and the limonene oxidation product carvone,42, 43 established the ubiquity of π-hydrogen bonds between the C=C bonds and the hydroxyl groups of hydroxylated SiO2 and TiO2. As mentioned above, MD simulations of limonene and carvone provided key parameters to the kinetic modeling of reversible adsorption on SiO2 and TiO2.40, 43, 44
MD simulations, in conjunction with FTIR measurements, were also used to study the interactions of the hydroxyl group and C=C-bond-containing VOCs dihydromyrcenol, -terpineol, and linalool, which are found in cleaning products, fragrances, and essential oils, with hydroxylated SiO2.45 As expected, all three compounds engaged predominantly in “normal” hydrogen bonds between their OH groups and those on the SiO2 surface. π-hydrogen bonding was relatively rare in dihydromyrcenol and linalool, and negligible in -terpineol. The extent of hydrogen bonding and the strengths of the interactions (quantified by binding free energies) could not be predicted based on chemical structures, underscoring the complex interplay of hydrogen bonding and dispersion interactions of the three molecules with the SiO2 surface. Another set of combined FTIR and MD studies examined the interactions with the carbonyl-containing molecules carvone and 6-MHO (6-methyl-5-hepten-2-one), a squalene oxidation product, with partially hydroxylated SiO2 and nonhydroxylated TiO2.43, 46 According to the MD simulations, the predominant interaction of these molecules with SiO2 was between their C=O groups and the electropositive Si atoms at nonhydroxylated sites. An analogous C=O···Ti association was observed for both molecules at nonhydroxylated sites on the TiO2 surface.
Given the nature of the interactions between VOCs and the bare SiO2 and TiO2 surfaces characterized by FTIR measurements, the presence of adsorbed water, which is an important component in the indoor environment, is expected to modulate VOC–surface interactions. The picture that has emerged from a pair of studies is that limonene and carvone are not fully displaced by adsorbed water on SiO2 and TiO2 surfaces, over a range of relativity humidity (RH) from “dry” to ~78%, which corresponds to 0.1 to 3.3 monolayers of water.44, 47 Rather, they tend to “float” up off the surfaces as the hydration level is increased, but remain bound to the water layer by π-hydrogen bonding and, in the case of carvone, normal hydrogen bonding between its C=O moiety and water. The binding strengths, quantified by binding free energies (Fig. 2f), remain quite substantial, albeit not as large as on the bare surfaces, with increasing surface hydration. The molecular simulation results are consistent with experimental measurements that showed that, although some limonene can desorb from the surface as the RH is increased, limonene remains adsorbed at the highest RH considered and remained available for surface reactivity.47
MD simulations have also been used to compute free-energy and diffusivity profiles, as well as associated transport coefficients for skin oil oxidation products permeating through skin.35, 48, 49 Such transport coefficients are required by kinetic models such as the kinetic multilayer model of surface and bulk chemistry of the skin and clothing (KM-SUB-Skin-Clothing) 37  to resolve the partitioning of volatile and semivolatile species between indoor air and the human body. Obtaining these quantities experimentally is challenging due to legal and ethical constraints, and many other in silico approaches may not predict them reliably because they are typically parameterized for drugs and drug-like molecules. MD simulations have shown that compounds such as 6-MHO permeate skin much faster than smaller molecules such as acetone, because transport is governed not only by kinetic effects but also by the thermodynamic propensity of molecules to partition into skin membranes, which can be quantified using MD-derived free-energy profiles. Incorporation of these results into kinetic models remains to be done.
Figure 3 summarizes kinetic models that treat surface interactions developed and applied for the MOCCIE project. The kinetic double-layer model for surface chemistry (K2-SURF), which treats adsorption and desorption fluxes to a surface, has been applied to understand the reversible adsorption of molecules onto indoor-relevant surfaces.36, 40, 43, 44 The key model parameters include the surface accommodation coefficient and desorption lifetime, which can be constrained by MD simulations.40 This framework, which integrates different modeling tools and experimental measurements, was subsequently applied to carvone and limonene reversible adsorption on SiO2 and TiO2, respectively, at various pressures and temperatures.40, 43, 44 The kinetic model reproduced measurements of the slow desorption of these compounds from the surfaces by treating two types of adsorption sites, with slow desorption occurring from molecules that had become trapped in pores between particles of the SiO2 and TiO2 powder used in the experiments.43, 44 This has implications for the reversible adsorption of many types of molecules to porous materials indoors.
	We developed models that account for boundary layer mass‐transfer phenomena, O3-terpene chemistry and OH formation, removal, and deposition; we solve these analytically and by applying numerical methods.50 The kinetic multilayer model of the boundary layer above indoor surfaces (KM-BL) was developed to describe mass transfer from indoor air through the boundary layer to indoor surfaces with Fickian diffusion or turbulent mixing.  The indoor boundary layer is treated with a number of model layers, simulating mass transport across each layer and gas-phase reactions occurring in each layer. KM-BL was used to demonstrate the importance of reactions of terpenes with ozone in the boundary layer in increasing the OH flux to a surface.50 This makes OH an important oxidant that can influence the composition of indoor surfaces and films. The impact of turbulence and different uptake coefficients to the surface were also shown to impact the OH flux significantly. 
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Figure 3: A summary of the kinetic models developed and applied during MOCCIE including an indoor box model, K2-SURF, KM-FILM, KM-SUB-Skin-Clothing, KM-BL, KM-FILM, and the αeff method. The model codes have been published and are publicly available.51, 52

The kinetic multi-layer model of film formation, growth, and chemistry (KM-FILM) incorporates KM-BL and was developed to treat film formation due to multi-layer adsorption and film growth due to absorption of molecules into pre-existing films.53 The multi-layer adsorption part of the model is fully consistent with the Brunauer–Emmett–Teller (BET) theory and allows unlimited numbers of species to reversibly adsorb onto a surface. The surface coverage of each layer is tracked, and it is possible to treat different desorption rates from different layers depending on the composition of the layer. The KM-FILM model successfully replicated measurements of a wide range of phthalates adsorbing onto indoor-relevant impermeable surfaces. The model revealed that initial adsorption could be patchy with full coverage occurring at longer time scales. The film growth part of the model is based on the kinetic multi-layer of gas-particle interactions in aerosols and clouds (KM-GAP)54 but with a flat geometry. Splitting and merging of model layers has also been implemented as they exceed or shrink below a certain length, respectively, allowing a high resolution in the films to be maintained. The model builds upon a framework by Weschler and Nazaroff55 and a mass-transfer model by Eichler et al.56 by explicitly treating turbulence in the gas phase as well as diffusion and chemical reactions in the film. Results indicated that gas-phase turbulence, bulk diffusion limitations and chemical reactions could all have large impacts on the rate at which surface films grow. The film growth part of the model is computationally expensive to run and directly couple with complex indoor models such as CFD models. 
To overcome this issue, a method using the effective mass accommodation coefficient (αeff) was developed, which simplifies KM-FILM by treating an effective penetration length, rather than multi-layers. αeff depends on surface accommodation coefficient, partitioning coefficient, bulk diffusivity and first-order bulk reaction rate constant, and αeff can easily be added to the surface deposition term in models to account for bulk diffusion limitations.57 Extensive testing revealed that good agreement between KM-FILM and the αeff method is obtained once quasi-equilibrium is established in the penetration depth. Both methods have been applied to assess the total partitioning capacity of VOCs in an indoor environment from the measured kinetics of VOC surface uptake after injection of compounds with variable volatility into a well-characterized, unoccupied test house during the Chemical Assessment of Surfaces and Air (CASA) campaign.58 We showed that the size of the indoor surface reservoirs is much larger than previously anticipated,55 indicating that permeable/porous materials such as painted surfaces and wood are likely the major surface reservoirs in the house rather than organic surface films.59 Accordingly, the model indicates that compounds with larger octanol-air partition coefficients would have much longer indoor residence times, making them very challenging to remove by ventilation. 
In addition to non-reactive partitioning, we have modeled various chemical reactions that can occur in surface films and porous materials. These include NO2 uptake and the release of HONO from real indoor surfaces,60 the reaction of ozone with paint,61 the ozonolysis of triolein with the formation of secondary ozonides,62 the ozonolysis of polycyclic aromatic hydrocarbons (PAHs)63 and the formation of chloramines from the reaction of ammonia with bleach.64 Overall, we demonstrated that relative humidity can have a large impact on uptake coefficients due to diffusion limitations or changes in partition coefficients and that relative humidity may also impact the formation of certain products, such as secondary ozonides due to Criegee Intermediate chemistry.60-62 The PAH ozonolysis was found to lead to phase separation, as confirmed by AIOMFAC modeling, leading to slower diffusion of the PAH to the surface and extending its lifetime.63 
We hypothesized that reactive oxygen species (ROS), in the form of organic peroxides, will be generated in indoor surfaces films and subsequently partition to air and particles. To test this hypothesis, we developed a model that accounts for ozone-initiated formation, decay, and partitioning between surfaces and aerosols.65 The model predicted that aerosols will become enriched in ROS that originates from indoor surface chemistry, especially when indoor sources of particulate matter and ozone are present. The model was shown to be consistent with field measurements of indoor aerosol ROS. Later studies have demonstrated that ROS is present66 and forms on indoor surfaces67 at concentrations consistent with our model.
We modeled a bleach cleaning event during the House Observations of Microbial and Environmental Chemistry (HOMEChem) campaign.64, 68 Multiple indoor models were applied to treat gas-phase and aqueous-phase reactions to gain insights into the bleach cleaning experiments. The gas-phase chemistry model INDCM and a multiphase kinetic model were applied to treat comprehensive and detailed chemistry, respectively. It is computationally too expensive and impractical to simulate all of these gas and aqueous reactions in the CFD. To address this challenge , we constrained the CFD model with key inputs: the INDCM provided production rates and reactivity of ∙OH radicals, while the multiphase kinetic model provided uptake coefficients and concentrations of aqueous-phase products right above the bleach surface over time.69 By capturing spatial heterogeneity, the CFD model was able to reproduce the dynamic concentration changes at the sampling points with high fidelity. We showed that inorganic products exhibit spatial and vertical concentration gradients in a room with short-lived ⋅OH radicals confined to sunlit zones, close to windows. We demonstrated that spatial and temporal scales of indoor constituents are modulated by rates of chemical reactions, surface interactions and building ventilation, providing critical insights for better assessments of human exposure to hazardous pollutants, as well as the transport of indoor chemicals outdoors.69

2.2: Modeling human occupant chemistry 
	We developed the kinetic multilayer model of surface and bulk chemistry of the skin and clothing (KM-SUB-Skin-Clothing) which can treat mass transport and chemical reactions in the gas phase, clothing and skin (Fig. 3).27, 70 The skin consists of skin oils, the stratum corneum and the viable epidermis with blood vessels. The model treats contact transfer between the skin oils and clothing as well as partitioning to skin oils and other substances covering clothing fibers, which effectively slows down diffusion through the clothing. The model mainly focuses on the ozonolysis of skin lipids, such as squalene, and has replicated the concentrations of many squalene ozonolysis products in the gas phase. The code was recently published so that research groups can apply it to their own experimental measurements and research questions.52 Surface accommodation coefficients, desorption lifetimes, diffusion coefficients and partitioning coefficients of ozone and squalene ozonolysis products for skin oil were updated based on von Domaros et al.71 for consistency with MD simulations (Fig. 2c). The original code was also further modified by adding complexity to the simple chemical mechanism. A squalene ozonolysis mechanism which includes the formation of Criegee Intermediates and their subsequent reactions was developed allowing many experimental measurements to be reproduced.72 The mechanism was implemented into the KM-SUB-Skin-Clothing model and the effect of relative humidity on gas-phase product concentrations was estimated.
In addition to contributing thermodynamic and kinetic parameters mentioned above to constrain the KM-SUB-Skin kinetic model, MD simulations, in conjunction with vibrational sum-frequency generation spectroscopy, have provided an atomically detailed view of the squalene–air interface that predicts differential conformational equilibria of the squalene chains and reactivity of the squalene carbon–carbon double bonds at the interface vs. in bulk squalene.73  Umbrella sampling, metadynamic, and adaptive biasing force simulations have also begun to provide thermodynamic and kinetic parameters for the transport of squalene ozonolysis products such as acetone and 6-MHO through the stratum corneum (SC) lipid matrix.48 Remarkably, the permeability of 6-MHO through the SC membrane is predicted to be significantly greater than that of the smaller acetone molecule; this is attributed to the deeper free-energy minimum for 6-MHO in the middle of the SC membrane, which is likely a consequence of enhanced dispersion interactions of the hydrocarbon core of the SC membrane in 6-MHO vs. acetone. 
	The KM-SUB-Skin-Clothing model was also applied to measurements of the Indoor Chemical Human Emissions and Reactivity (ICHEAR) experiments.74 Measurements of species emitted by people, measured OH reactivities and calculated OH concentrations in the presence and absence of ozone were reproduced using the model. Yields, uptake coefficients and emission rates were provided as inputs to CFD simulations. The CFD model was developed using STAR-CCM+ to replicate the experimental chamber. The simulation was conducted under transient conditions using the k–ω turbulence model. The occupant model was segmented into multiple body parts to facilitate localized application of lotion and perfume to specific surface areas. Figure 4a and d show examples of the spatial distribution of OH reactivity and OH concentrations around individuals not wearing personal care products. These results illustrate that people essentially create their own oxidation field: unsaturated SVOCs, such as 6-MHO, that are formed from skin lipid ozonolysis generates OH efficiently through gas-phase reaction with ozone.74 The human oxidation field is impacted by the upwards movement of VOCs around the body caused by the thermal plume surrounding the body, creating localized hotspots of OH reactivity in the human envelope. The enhanced oxidation field around the human body and the upwards movement of VOCs alters the types and concentrations of products that are breathed in. 
The KM-SUB-Skin-Clothing model was also used for a follow-up study where people had applied lotions or fragrances.75 Due to lotions only being applied to uncovered skin, the model was adapted to treat both covered and uncovered areas. The kinetic model demonstrated that compounds in both fragrances and lotions partition into the gas phase leading to increases in OH reactivity and lower OH concentrations. However, compounds in fragrances, such as ethanol, are rapidly volatilized, causing sharp increases in OH reactivity, but only over short time scales as they are rapidly removed by indoor-to-outdoor transport. In contrast, phenoxyethanol is released more slowly from lotions, resulting in prolonged elevations in OH reactivity. The CFD results reveal that that ethanol emissions from fragrances can strongly disrupt the human oxidation field on short time scales by increasing OH reactivity and lowering OH concentrations near the body (Fig. 4b, e). By comparison, lotion-derived emissions have smaller but longer-lasting impacts on the oxidation field (Fig. 4c, f).  
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Figure 4: The spatial distribution of the OH reactivity (a-c) and OH radical concentrations (d-e). Simulations are (a, d) 360 minutes after ozone is switched on in the absence of personal care products and, (b, e) 90 seconds after the application of a perfume and (c, f) 600 seconds after ozone was switched on in a chamber containing people wearing a lotion.

2.3: Modeling indoor air chemistry
There have been a number of recent developments in the detailed indoor chemical model called INCHEM-Py (INdoor CHEMical model in Python). INCHEM-Py uses the Master Chemical Mechanism (MCM v3.3.1), a comprehensive near-explicit mechanism that incorporates the chemical degradation of >140 VOCs,76 but also describes air exchange with outdoors, surface deposition, internal emissions, and gas-to-particle partitioning, using the well-mixed assumption.77 The model has been used to investigate indoor air quality (IAQ) following cooking, cleaning, and surface emissions, providing additional insight to experiments. The MOCCIE project has allowed us to develop INCHEM-Py to better represent indoor SOA formation,78 emissions to and from internal surfaces,79 indoor photolysis,80 impact of air cleaning technologies on IAQ,81 and impact of indoor emissions on outdoor air quality,82 as well as to provide additional insights to experimental measurements such as of radicals.83
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Figure 5: The near-field concentration (ppb) of key indoor species as they leave the first house (0 m) and the tenth house on a 140 m street at varying times of the day and assuming connected flow. Note the logarithmic scale on the y-axis.

For instance, we have developed an indoor-outdoor interface in INCHEM-Py, to calculate the concentrations of chemical species which leave buildings through ventilation. The new interface considers chemical and physical loss as indoor species move to the outdoor environment. The model can then be used to estimate the importance of indoor activities on outdoor air pollutant concentrations at house to street-level. This work has shown that the concentrations of VOCs emitted indoors through cooking and cleaning can be enhanced (over the outdoor concentration absent the indoor source) by a few ppb even 100 m away from the building in which they were emitted,82 a finding that is increasingly being reinforced through measurements outdoors.84-87 Figure 5 shows the near-field concentrations of acetaldehyde, acetone, propane and chloroform at the start and end of a 140 m street with 10 houses, each undergoing indoor activities at different times as described in Carter et al. (2024).82 The near-field concentration is defined as the concentration of a chemical species at the point where it moves from indoors to outdoors, enabling pollutants to be tracked as they egress from buildings.82 The near-field concentrations vary for different homes in the simulations, because their occupants are assumed to undertake polluting activities such as cooking and cleaning at different times of the day, and with different air change rates. Propane and acetaldehyde are produced predominantly by indoor cooking activities, whilst acetone and chloroform derive from cleaning. The concentrations of all four species increase along the street at all times of day, showing that concentrations can be significantly enhanced outdoors from cumulative indoor activities, compared to a situation with no indoor activities. Using an indoor chemistry model is a novel approach for helping to understand how indoor activities contribute to air pollution in local urban environments.
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Figure 6: The mixing ratio of ozone (ppb) versus the secondary product creation potential (SPCP) (ppb) in an occupied classroom with individually deployed 222 nm (5 μW cm−2 average room irradiance) and 254 nm (15 μW cm−2 average room irradiance) air cleaning devices. The shaded purple areas indicate when the air cleaning device is operational.

Another example is the development of the indoor photolysis module in INCHEM-Py to include the wavelength range between 200 and 300 nm (UVC), encompassing new photolysis coefficients for oxygen and water. This new wavelength range features 222 and 254 nm light, which are commonly employed by air cleaning devices to remove airborne and surface pathogens from indoor environments.88, 89 However, much less is known about the impact these devices have on indoor air chemistry. Carter et al. (2025)81 used INCHEM-Py to study the indoor chemistry that arises following deployment of 222 and 254 nm light for cleaning purposes. The study showed that 222 nm light can form ozone, which can then interact with internal surfaces to produce a wide range of oxygenated VOCs. Light at 254 nm had a relatively small impact on the indoor air chemistry. Figure 6 shows that 222 nm light exposure led to a higher indoor ozone mixing ratio (maximum mixing ratio of 13.2 ppb at 15:00 h) in an occupied classroom, with an air change rate of 0.5 h−1, than 254 nm light (maximum mixing ratio of 5.3 ppb at 15:00 h), even with a lower average room irradiance (5 μW cm−2 for 222 nm vs. 15 μW cm−2 for 254 nm).81 The increase in ozone, from 222 nm light, also resulted in a higher secondary product creation potential (SPCP)90 than at 254 nm. The SPCP sums the mixing ratios of potentially harmful indoor pollutants, including short- and long-chained aldehydes, glyoxal, acrolein, ozone, peroxyacetylnitrates and organic nitrates.90 The number of studies focusing on UVC light as a source of pathogen inactivation has increased  since the COVID-19 pandemic, especially far-UVC light at 222 nm, which has been found to efficiently inactivate airborne and surface pathogens.88 A more recent focus has been to understand how 222 nm lamps affect gas-phase chemistry, including the formation of ozone,91 particles92 and reactive oxygenated species.93 The MOCCIE-led research highlighted how 222 nm light contributes to secondary VOC production through indoor surface chemistry.81 The detailed chemical model used  built on the previous studies, adopting much simpler chemistry schemes,94-96 allowing a better assessment of whether the benefits of disinfection outweigh the detriment of indoor pollution.81

2.4: Organic Aerosol Chemistry
The Indoor Model of Aerosols, Gases, Emissions, and Surfaces (IMAGES) has been developed and applied through a series of studies to advance understanding of indoor aerosol dynamics, with particular emphasis on organic aerosol (OA) behavior, water uptake, phase state, and interactions with surfaces. Early work expanded indoor OA modeling by incorporating oxidative aging of OA using the two-dimensional volatility basis set (2D-VBS), allowing simulations of hydroxyl radical (OH) reactions that evolve both particle- and gas-phase organics.97 Results show that under typical, background ozone and VOC residential conditions, indoor OH aging produces only modest OA enhancement, with time-averaged increases below 5%. Meaningful OA growth was observed only during specific high-emission or high-OH events, such as in sunlit rooms with strong photolytic OH production (~20% increase) or during transient OH-producing cleaning activities (~35% peak increase). Subsequent work advanced IMAGES by integrating aerosol water uptake through κ-Köhler theory and OA phase state predictions based on glass transition temperatures.98 These simulations, run across U.S. climate zones, suggested that indoor OA is often semisolid and may be kinetically constrained, with conditions ranging from amorphous solids in cold regions to liquid OA in hot, humid environments. Under solid or semi-solid conditions, bulk diffusion timescales may be long relative to indoor residence times, such that gas–particle partitioning and chemical processing may not reach thermodynamic equilibrium while particles remain indoors. It also highlighted the distinct roles of HVAC operation in creating multiple inorganic aerosol populations.
IMAGES has been used to evaluate how outdoor aerosols change as they move indoors, with a focus on thermodynamic repartitioning of semi-volatile material.99 Temperature and mass-loading gradients between outdoor and indoor environments can substantially shift aerosol phase equilibria, altering concentrations of both organic and inorganic species. Neglecting these gradients can lead to errors in indoor exposure estimates, as aerosol concentrations may deviate from indoor predictions based on non-volatile aerosol assumptions due to organic and inorganic component-specific repartitioning during outdoor-to-indoor transport, as has been shown in field studies using aerosol mass spectrometry.100, 101 To address this, correction factors derived from IMAGES can be applied to more basic predictions, reducing errors without requiring full thermodynamic modeling. Follow-up work showed that the physical state of organic aerosol is critical in determining whether semi-volatile organics can reach equilibrium indoors.102 For liquid particles, equilibration generally occurred after OA was transported indoors and experience any temperature change, while semisolid OA often faced kinetic barriers that limited or delayed repartitioning, depending on how quickly air was exchanged compared with how fast particles were lost indoors. 
Beyond improving model fidelity, IMAGES has been applied to specific indoor sources and surface processes. A framework was developed to back-calculate semi-volatile organic material emissions from cooking using observed time series OA data, incorporating the strong role of sorbing mass increases during high-emission events such as stir-frying.103 Applied to HOMEChem data, this method revealed that traditional models often misattribute concentration changes to emissions rather than thermodynamic effects, leading to inaccurate emission rate estimates. IMAGES has also been extended to simulate the growth and composition of organic films on indoor surfaces, accounting for gas-surface partitioning and particle deposition.104 Results showed that particle deposition, particularly of low-volatility organics, dominates film mass over long timescales, and that film composition varies with building characteristics and activity patterns. Indoor-emitted material, especially from cooking, often represented the largest contribution, but outdoor and secondary sources could dominate under different conditions. These applications demonstrate the flexibility of IMAGES to connect aerosol emissions, transformations, and sinks in a unified modeling framework, and to provide novel insight into both airborne exposures and surface reservoirs of indoor organic matter.

2.5: Aerosol chemistry and physical properties 
Airborne and surface-deposited indoor aerosol particles are typically complex chemical mixtures containing low-volatility and semi-volatile organic compounds as well as inorganic species, including water. The gas–particle partitioning of semi-volatiles is a major pathway for the compositional and physicochemical evolution of indoor aerosols. Chemical reactions in the indoor gas phase as well as within particles, on particles and other indoor surfaces, subject to exposure to oxidants such as ozone, sunlight, and the material fluxes between the condensed and gaseous compartments, alter the aerosol composition over time. Gas–particle partitioning indoors is mainly driven by changes in gaseous concentrations of semi-volatiles, particulate emissions (affecting the total absorbing condensed phase mass), exchange with outdoor air, and changes in relative humidity, heating, ventilation, and air conditioning (HVAC). Changes in heating and air conditioning affect air temperature and relative humidity, which directly impact gas–particle partitioning (both chemical composition of particles as well as overall mass concentration); ventilation, depending on type, can impact the outdoor–indoor air exchange (e.g. SVOC concentrations) as well as the residence time(s) of indoor air in distinct yet connected spaces. Ventilation and air conditioning also affect the frequency during which air parcels encounter a (particle) filter and the cooling/heating surface of an air conditioning unit. An additional factor is the physical (phase) state of the particles and the degree of nonideal mixing within particles, which together affect the timescale of gas–particle partitioning and the hypothetical thermodynamic equilibrium state. Measurements during the HOMEChem study have shown that deposited, aged indoor films can exhibit viscosities ranging from semisolid to highly viscous, amorphous solid states.105
During the MOCCIE project, one goal was to further develop and apply modeling frameworks to enable quantitative predictions of gas–particle partitioning, both in terms of quasi-equilibrium models as well as fully coupled kinetic–thermodynamic box-model simulations. To begin, we investigated the equilibration timescales for gas-particle partitioning for non-ideal mixtures, which may be expected to arise from outdoor-to-indoor transport.  Using KM-GAP we simulated equilibration timescales for core-shell phase separated particles assuming a range of activity coefficients and diffusivities for a condensing species in the organic shell phase.106 We concluded that equilibration timescales could be prolonged when the shell is viscous and that concentration gradients in the particle persist long after gas–particle equilibrium is achieved when the condensing species is favorably miscible in the shell. 
During outdoor–indoor transport different populations of aerosols may also be mixed, leading to mass transfer from one population, through a shared gas phase, to the second population. Again, we applied KM-GAP to simulate this mixing varying the viscosities of the two aerosol populations. As particles that are formed outdoors may be compositionally different and thus immiscible with particles formed indoors, we investigated the range of activity coefficient for a semi-volatile species moving from one population to the other.107 We showed mixing timescales can be prolonged when the semi-volatile species is miscible in the second population as well as at the extremes of volatility, since low-volatility species evaporate slowly and high-volatility species are subject to rapid re-evaporation when the second population is viscous. We explained an apparent discrepancy in the experimentally observed mixing of β-caryophyllene SOA and toluene SOA when they are both expected to have low viscosities by limited miscibility of the semi-volatile components.108
In order to achieve a fully coupled kinetic–thermodynamic box model, we developed a generalized thermodynamics-based viscosity model, AIOMFAC-VISC, enabling viscosity predictions for aqueous electrolyte solutions and mixed organic–inorganic systems.109, 110 This state-of-the-art model builds on prior work establishing the core model, AIOMFAC, for activity coefficient predictions,111, 112 as well as extensions for equilibrium gas–particle partitioning and liquid–liquid phase separation computations.113, 114 The AIOMFAC-VISC model is also available as part of AIOMFAC-web (https://aiomfac.lab.mcgill.ca; source code: https://github.com/andizuend/AIOMFAC). One key application of such a model is in predicting simultaneously the dynamic viscosities of phases, molecular diffusivities, phase states, and nonideal mixing in aerosol particles as a function of temperature and phase compositions. 
The AIOMFAC-VISC model has also been implemented as the thermodynamic component of a new kinetic–thermodynamic multilayer box-model called ONION, mainly developed during the MOCCIE project, which combines the KM-GAP model115 with AIOMFAC. Within ONION, concentration gradients are replaced by the more thorough approach of using chemical potential gradients to drive molecular diffusion and accounting for the influence of particle surfaces and liquid–liquid interfaces in a thermodynamically sound manner. A precursor version of such a coupled kinetic–thermodynamic multilayer model allowed us to simulate the composition-dependent phase diffusivities in the presence of phase separation, allowing for a quantification of the impact of sparingly miscible phases on gas–particle exchange dynamics116 and to study the equilibration timescales of aerosols containing both hydrophilic and hydrophobic organics, with up to three coexisting liquid phases.117 In the study by Zhou et al. (2019),116 the unsaturated triglyceride triolein was used as a proxy for triglycerides present in skin oil and cooking oil, which can undergo indoor processing by ozone. The modeling included thermodynamic predictions of the water uptake of the reaction products at distinct reaction times and for low, intermediate, and high relative humidities. This cooking oil mimic is of interest in its ozone decay chemistry because it behaves differently from organics like squalene or oleic acid; it also shows distinct photolysis kinetics when exposed to indoor versus outdoor light conditions.118
Beyond the indoor context, the developed coupled kinetic and thermodynamic models are broadly applicable also to aerosol modeling needs under outdoor air conditions, which typically require coverage of wider temperature and relative humidity ranges. In the future, these process models will further aid in translating controlled laboratory measurements, emulating indoor or outdoor conditions, from one particle size, concentration, and time scale regime to another. Another example concerns the quantification of instrument residence times versus equilibration times in the context of measurements involving viscous particles and semi-volatile organics.119 Kinetic modeling serves to assess the validity of measurements assumed to represent an equilibrium state and it provides a means to postprocess measured data from a transient state to equilibrium.
Indoors the relative humidity (RH) is typically maintained between 20% and 60%; however, HVAC systems can expose the air in contact with cooling coils temporarily to higher RH levels, exceeding 90% (usually for a very short time, yet sufficient for fine hygroscopic particles to respond). Understanding how the aerosol composition responds to moderate as well as substantial changes in RH depends in part on the water uptake of the aerosols (hygroscopicity), yet compositional changes can feedback on aerosol hygroscopicity when substantial amounts of semivolatiles are involved. We have assessed the use of different thermodynamic models for a practical treatment of RH-dependent organic aerosol water uptake and associated feedback effects on organic aerosol composition and mass concentrations in 2D volatility basis set (VBS) simulations of indoor aerosols. By using the reduced-complexity Binary Activity Thermodynamics (BAT) model within 2D VBS simulations of aerosol model systems in Serrano Damha et al. (2024),120 we have demonstrated that a theoretically sound treatment of water uptake and the related co-condensation of organics, requires both the consideration of organic aerosol hygroscopicity as well as the nonideality and relative humidity impacts on the effective volatility or gas–particle partitioning coefficients (Cj*) of the organic mass concentration bins in VBS frameworks. In that study, we have quantified the shifts in Cj* as a function of relative humidity, organic compound oxidation degree and initial (dry-state) Cj*, see Fig. 7. For realistic 2D volatility and polarity distributions of organic compounds, the BAT-VBS model predicts a notably higher organic aerosol mass concentration than an equivalent dry (RH-insensitive) VBS model; increasingly so toward higher RH. It typically also predicts a higher mass concentration than simpler water-aware approaches based on the organic aerosol hygroscopicity parameter (κ), since those approaches do only account for water uptake but neglect the resulting feedback on the partitioning of semivolatile organics. The BAT-VBS model offers a relatively low-cost module for improved VBS representations of indoor and outdoor aerosol mass concentration predictions, which can be coupled to 2D VBS oxidation and fragmentation schemes.97
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Figure 7: (a) Shifts in effective gas–particle partitioning coefficients (Cj*) to lower values at elevated RH relative to those assumed for dry conditions (RH = 0%). Shown are the predictions for two oxygen-to-carbon (O:C) ratio bins of organic compounds, those with O:C of 0.2 (green curves and shading) or 0.8 (blue curves and shading). The lower and upper bounds of each envelope represent the lower and upper ranges of the volatility dimension considered in the 2D VBS (marked by yellow arrows in the O:C = 0.8 case). (b) The binned 2D volatility–polarity space with mass fractions indicated by red shading for an example system containing both hydrocarbon-like organic aerosol (HOA) compounds as well as oxygenated organic aerosol (OOA). The blue bar graphs indicate the row or column mass fraction contributions. 
Figure adapted with permission (CC BY 4.0 license) based on Figs. 1 and 3 of Serrano Damha et al. (2024).120

3. Future perspectives
The MOCCIE project has enabled the development of an integrated framework for indoor air chemistry modelling, using combinations of models over different spatial and temporal scales to inform the development of each other and to provide deeper insight into the chemical processing indoors than possible before. The developed models include a broad range of materials, environments, conditions, chemistry, and spatial and temporal scales. An important next step is to evaluate and improve models in light of real-world complexity. For example, does the heterogeneity of substances deposited on indoor surfaces121 meaningfully impact air concentrations that are the result of transformations occurring at that surface? Or are simpler models sufficient? MOCCIE has shown that porous materials like painted surfaces importantly influence dynamic air concentrations of pollutants by acting as reservoirs. The role of other materials commonly found in buildings such as textiles, which may act as much larger reservoirs, needs to be further explored. More broadly, there is a vast and ever-changing variety of building materials and furnishings; this emphasizes the importance of generalizable models that can adequately characterize the chemistry and transport associated with these materials without the need to experimentally evaluate each material.
It is clear that the models developed here help us better understand the underlying mechanisms resulting in indoor concentrations in air and on surfaces. By extension, we can better predict human exposure to indoor pollutants that are influenced by these mechanisms. While MOCCIE has begun to more explicitly connect indoor exposure models to mechanistic models describing indoor transport and chemistry,9 there remain many unanswered questions about the impact of indoor chemical transformations on human health. Therefore, more toxicological and epidemiological data are needed to better constrain and focus modeling efforts. A recent advance in this area is evidence that indoor ozone chemistry is associated with clinically measurable adverse health outcomes.122, 123 We are fortunate now to have sophisticated models of indoor ozone chemistry that can be applied to more directly relate these health outcomes to the chemistry. Another important next step is the broader integration of physical, chemical and exposure models with physiological models of absorption, distribution, metabolism, excretion, toxicology, and ultimately risk. By doing so, indoor chemistry models will be crucial in the design of future toxicological and epidemiological studies that seek to understand the health impacts of indoor chemistry.
As the climate warms, there are many aspects of our life in buildings that are likely to change. For instance, changes in how frequently we ventilate our homes, and how much time we spend inside (e.g. to avoid extreme heat) are increasingly likely. In some countries more window opening is likely, while in others, the use of air conditioning will become more prevalent meaning windows are open less often. In homes where ventilation is reduced, air cleaning technologies may become more prevalent and we know that some of these technologies are ineffective, while others can actually produce chemical pollution through their operation.124, 125 Emissions from building and furnishing materials will increase if outdoor and hence indoor temperatures rise.126
The Net Zero ambitions of numerous countries will likely accelerate vehicle electrification and decarbonisation of domestic heating and cooking, which in turn will affect the balance of exposure to air pollutants indoors versus outdoors. For instance, as vehicle technology improves, we expect outdoor NOX and VOC emission rates and hence their concentrations to decrease. Depending on the VOC-NOx regime, outdoor O3 concentrations may increase, which was observed during the Covid pandemic lockdowns in the UK.127 Given that the main source of indoor O3 is from outdoors, indoor O3 is also likely to increase, providing the opportunity for oxidation of VOCs emitted indoors to form secondary pollutants such as SOA and HCHO.7 Consequently, the balance between our exposure to air pollution indoors versus outdoors will change in ways that we do not yet fully understand.
Zhao et al. (2024)128 presented a range of Shared Socio-economic Pathway (SSP) scenarios from the IPCC Working Group I Interactive Atlas Projection describing future climate impacts to predict IAQ out to 2100. They showed that outdoor and hence indoor ozone concentrations could decrease or increase in the future depending on the assumed SSP. Using the SSP-8.5 scenario in 2100, the average indoor concentrations of ozone and OH simulated by INCHEM-Py increased by 15% and 41% in 2100, respectively, compared to 2020 values, with possible extreme events (using outdoor ozone from Salthammer et al. (2018)129) leading to potential increases of 84% and 4%, respectively. During the extreme event, less OH is formed through the reaction of HO2 with NO, given the much higher O3 concentrations suppress NO. Modelled diurnal profiles for these simulated events are shown in Fig. 8. 
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Figure 8: Simulated indoor concentrations of ozone and hydroxyl radical in 2020, and for two future scenarios in 2100, one based on the SSP5-8.5 IPCC scenario,128 and the other using projected outdoor ozone concentrations during extreme events.129 

When addressing indoor air quality at broader spatial scales, it is insufficient to consider buildings as isolated environments as air enters a building from the outdoor urban environments, carrying airborne pollutants (e.g., VOCs, PM, and ozone) indoors, interacting with various indoor surfaces, collecting chemicals emitted from indoor sources, and discharging those airborne species back to the urban environment. This continuous exchange complicates efforts to assess and manage air quality, as pollutant behavior spans both building and urban scales. For example, volatile chemical products (VCPs) emitted at the building scale may get oxidized by oxidants at the urban scale via the catalytic effects of NOx emitted by vehicles. This catalytic process involves the reaction of nitric oxide with organic peroxy radicals to regenerate hydroxyl radicals and produce ozone without permanent consumption of nitrogen oxides, allowing these emissions to strongly influence the formation of organic aerosol and ozone at the urban scale.130, 131 The formed aerosol and ozone at the urban scale may, in turn, enter the indoor environment and impact human health and comfort. Similarly, large-scale wildfires generate smoke plumes that can travel vast distances, infiltrate buildings, and deposit organic compounds onto indoor surfaces. These compounds may persist for weeks or months,132 undergoing chemical transformation, removal by filtration, or re-emission to the outdoor environment. 
Despite these dynamic exchanges, existing models often overlook such bidirectional interactions. VCP emission models frequently assume that all indoor emissions are eventually released outdoors, while chemical transport models rarely consider deposition and re-emission processes involving indoor surfaces. At a minimum, coupling the indoor and outdoor box models will provide more comprehensive assessments of the air quality at building and urban scales and here we propose three-tiered modeling strategies. First, a nested box approach can be employed where the urban environment is treated as a master well mixed reactor containing numerous individual building sub reactors. Second, air dispersion models can be utilized to simulate only the downwind impacts of major building clusters, focusing resources on high priority emission plumes. Third, for broader regional assessments, building emissions within a CTM grid cell can be aggregated into a single centralized point or area source, allowing for the evaluation of cumulative urban scale impacts while simplifying the spatial representation of individual structures.
However, indoor air quality is influenced not only by outdoor air exchanges but also by the broader systems that operate within buildings. The multi-purpose nature of buildings, which satisfy the needs of occupants for safety,133 functionality, comfort,134 and aesthetics,135 while maintaining high efficiency in resource consumption,136 will make the impacts of buildings on health and climate more complicated. Systems at the building scale may have synergies and tradeoffs as we propose strategies to mitigate and adapt to climate change. For example, goals for building energy can potentially be in conflict with those for health and comfort. Room air recirculation is beneficial to achieve high energy efficiency in buildings, but the strategy may reduce the amount of fresh air brought into the indoor environment, thus worsening indoor air quality. At the urban scale, the building sector is an important factor in climate change mitigation because buildings contribute about 40 percent of greenhouse gas emissions globally.137 On the other hand, buildings are one of the most crucial aspects for adapting to climate change because structurally reliable and resilient buildings are necessary to shelter occupants from extreme weather. To address air quality holistically, it is essential to incorporate interactions across multiple interconnected systems, such as building envelopes, energy and filtration systems, transportation networks, and atmospheric processes, spanning both building and urban scales. Recognizing and modeling these interactions is crucial for mitigating and adapting to climate change and reducing human exposure to air pollution. 
In addition to physical systems, human behavior can play important roles in determining whether intervention or mitigation strategies can be effective. For example, window-opening is a commonly observed behavior impacting building energy consumption and indoor environmental quality, with window-opening behavior driven by physical environment conditions such as indoor and outdoor temperature.138 Window operation, in turn, alters ventilation rates and impacts pollutant transport between indoors and outdoors. These behavioral feedbacks must be considered when evaluating air quality interventions. Accordingly, social systems and occupant behavior should be integrated into assessments that span both building and urban scales, especially when exploring strategies involving human intervention.
Although it is increasingly recognized that the integration of multiple systems for a more holistic assessment is necessary, interdisciplinary integration is impeded by the complexity of the problem. Fortunately, much can be learned from several other closely-related fields of research including integrated assessment and modeling, social-ecological systems research, land systems science, and socio-environmental systems modeling. A natural way to achieve this is to decompose building and urban environments into unique and common systems using a multi-scale, system-of-systems framework139-141 that integrates systems within buildings and urban areas, and connects some of the common systems across building and urban scales.
Crucially, the detailed chemical mechanisms described in the preceding sections, ranging from surface film interactions to radical propagation, provide the necessary physical basis for understanding key drivers in the physicochemical process. This allows us to emulate building system models based upon those drivers. Then models could be coupled at the building and urban scale while the cross-scale integration of the common systems could be achieved by identifying aggregated versions of the common systems, which requires a taxonomy of building types. For example, we can aggregate buildings into different classes (e.g., residential, commercial, and industrial)139 so that each class of building can access low spatial resolution systems, such as air quality, economic, energy, water, and transportation142-144 by parsing their modeling into a secondary high spatial resolution framework. This is similar to the “urban cell” approach in which spatial coupling of buildings is achieved by aggregating neighborhood units including building stocks.145 Spatially-resolved building information at the urban scale could be handled using GIS (geographic information system) with the various types of buildings located spatially within the urban environment. Meanwhile, individual building-scale assessments could connect with common systems at the urban scale, including the influence of the urban environment on a specific building of interest, with building systems in this case that are not aggregated, but are specific to the building.
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