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Various aspects of buildings and cities appear to positively influence human wellbeing, and spatial analysis offers a means of quantifying those factors so that they can be maximized during the design process. Although it is simplest to assess each design factor independently, people's everyday experience in the built environment appears to be a product of a combination of factors. We therefore propose a computational framework in which design factors pertaining to daylight, pathways, and visibility are evaluated using spatial analysis, and then the results are combined to score the tranquil, social, and explorative experiential qualities of places in habitable buildings. An implementation of the framework is applied to 20 models of residential apartments, and the resulting scores are compared to an analogous set of ratings obtained via a crowdsourced online survey. We observe that human evaluators tend to assume relatively uniform experiential qualities within each space of each apartment, whereas our algorithm often predicts a gradient of highly tranquil, social, and explorative places even within the same room. We also observe that the overall apartment ratings from the survey and the design scores from the algorithm were more strongly correlated when considering only the more experienced participants' ratings; however, a follow-up study would be needed to confirm this trend. This exploratory research contributes to a broader discussion about the importance of studying design factors in combination with one another, the challenge of validating the resulting composite metrics, and the role that theoretical best practices might play in the development of experiential space analysis tools for architects and urban designers striving to promote wellbeing.
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1 Introduction

There is now considerable evidence that the design of buildings and cities affects the health and wellbeing of the people who inhabit them (Colenberg et al., 2021; Ige-Elegbede et al., 2022; St-Jean et al., 2022). This evidence includes recent studies associating design-related factors—the presence of daylight, visibility of outdoor areas and natural materials, accessibility of outdoor areas and shared amenities, choice of furniture and decor, environmental conditions, and overall aesthetics of a space—with various measures of wellbeing (Altaf et al., 2022; Douglas et al., 2022; Srivastava et al., 2024). There is also now a diversity of spatial analysis techniques that can be used to quantify many of these design factors, particularly those involving daylight (Jones et al., 2012; Danell et al., 2020; Tsang et al., 2022) or visibility and accessibility (Haq, 2019; Schwartz, 2021; Azadi et al., 2024). Using these analyses, models of proposed buildings and neighborhoods could potentially be scored on the factors that studies show to correlate most strongly with wellbeing. Architects and urban designers could then refine their designs, or optimize them using a generative design process (Gagne and Andersen, 2012; Nagy et al., 2017; Ekici et al., 2019), to achieve higher scores for these factors and hopefully improve people's quality of life.

As outlined above, it is becoming practical to choose design factors based on their empirical relationship to wellbeing, and to then quantify and maximize those factors during the design process. A potential limitation of this strategy, however, is that the value of each design factor is typically assessed independently of other design factors. It is true that some factors, such as the presence of natural elements, have been linked to health and wellbeing in a variety of contexts (Gillis and Gatersleben, 2015), and there is a strong case for developing independent metrics for these factors (Bianchi et al., 2024). Nevertheless, to provide architects and urban designers with deeper insights into the possible effects of their proposals on health and wellbeing, it may be necessary to quantify design factors in combination with one another rather than independently. The idea of assessing combinations of factors is supported by the following observations:

1. Wellbeing is a multifaceted concept that relates to human experience (Altomonte et al., 2020), and people's everyday experience in the built environment appears to be the product of a combination of factors (Peri Bader, 2015; Lee and Kim, 2020; Kirsh, 2023). For example, people experience tranquility not when they are (a) free of distraction, (b) sitting in a half-hidden area, or (c) surrounded by nature, but rather when all three conditions are met. Other kinds of experiences require different combinations of factors to be present.

2. Some design factors appear to be desirable in certain places, yet undesirable in others. Peaceful activities like reading may be enhanced by (a) a degree of enclosure and (b) a separation from major pathways, yet these same factors may discourage social interaction. A score for either of these factors might therefore show little overall correlation with wellbeing, yet a score that combines these factors with others may show that they are important in the right context.

3. In addition to satisfying objectively measurable, performance-based criteria such as the requirements found in the WELL Standard (IWBI, 2015), there appears to be an expectation that well-designed buildings and neighborhoods exhibit some form of overall aesthetic, balance, coherence, harmony, or wholeness that pertains to how spaces and elements “fit” with one another and the surrounding environment (Alexander, 1979; Jakupi, 2016; Hazbei and Cucuzzella, 2021). In a recent study that asked participants to rate their homes and offices on temperature, noise, privacy, and several other attributes, the “overall aesthetics” rating was found to be the top predictor of work performance (Srivastava et al., 2024). A shift in focus from individual factors to combinations of factors might help researchers characterize this notion of overall harmony, and better understand its importance.

The aim of our research is to take a first step toward (1) quantifying combinations of design factors using spatial analysis, and (2) using the resulting scores to predict the experiential qualities of places within proposed or existing buildings or urban developments. Experiential qualities are typically characterized by moods or feelings such as “gloomy, tense, cheerful, melancholic, serene, cozy, inviting” (Van Oosterwyck, 2018). However, we interpret an experiential quality not as the mood or feeling it is named after, but rather the tendency for a place to evoke that mental state over the course of everyday life. This tendency depends on people's psychological response to the appearance of the place as well as any non-visual stimuli present at that location (Coburn et al., 2020; Gregorians et al., 2022; Alamirah et al., 2022). It also depends on the type, frequency, and duration of individual and group activities that will likely occur there, which in turn depends on how that place is situated within a building or community. Experiential qualities have previously been measured using onsite surveys (Breiby and Slåtten, 2018; Zamanifard et al., 2019). These surveys employ multiple questions to score each experiential quality, which is consistent with the observation that everyday experience is the product of a combination of factors. Our method of measuring experiential qualities is similar, except that instead of combining participants' responses to multiple survey questions, we combine the results of multiple spatial analyses. Although it should be possible to adopt a data-driven approach and derive these metrics from people's subjective evaluations of scenes (Wiener and Franz, 2005; Gath-Morad et al., 2024), we rely on theoretical best practices as a starting point while envisioning the future incorporation of behavioral, experiential, and wellbeing data.

To develop a theory-driven approach for scoring experiential qualities using spatial analysis, we propose, implement, and scrutinize a computational framework centered on the principle that habitable buildings should accommodate everyday activities by providing a mix of tranquil, social, and explorative places. These three proposed experiential qualities, and the combination of design factors that compose each, were chosen by identifying common themes across a selection of architectural design guides. To implement the framework, we (1) selected and refined a set of 3D apartment models from the Swiss Dwellings dataset (Standfest et al., 2022), (2) computed daylight and pathway density fields using a voxel-based analysis tool (Goldstein et al., 2023), (3) used the density fields to calculate place scores at various locations in the apartments, including scores for the individual design factors as well as a composite score for each experiential quality, and (4) aggregated the tranquil, social, and explorative place scores to obtain design scores for each apartment, including an overall balanced design score. We also conducted a crowd sourced online survey to obtain an analogous set of ratings from participants with backgrounds related to architecture. By comparing the algorithmic scores to the survey ratings in an exploratory fashion, we scrutinize the proposed experiential space analysis methodology and gain insights into both computational and crowd sourcing approaches for evaluating architectural models.



2 Proposed framework

This section introduces a computational framework centered around three experiential qualities: tranquil, social, and explorative. At this stage in the overall methodology, the computations that score the three qualities are described at a high level with emphasis on key principles rather than mathematical details. Different implementations of the framework will therefore yield different sets of scores for the same built environment, though the scores should exhibit similar patterns. After outlining the scope of the framework and the works that influenced it, we describe the three experiential qualities and explain how each can be scored as a composition of simpler factors amenable to spatial analysis.


2.1 Scope

The ultimate goal of the framework is to help practicing architects promote psychological and social wellbeing in habitable buildings by applying a set of spatial analyses in their projects as early as the schematic design phase. This objective determines the framework's scope, which we clarify by interpreting and elaborating on the following terms:

• Psychological and social wellbeing refers to people's quality of life over a period of several months or years, with an emphasis on their mental health, their tendency to experience positive emotions while engaging in everyday activities, and the frequency and quality of their interactions with family members, friends, neighbors, and peers (Watson, 2018; Colenberg et al., 2023). Frameworks designed to promote wellbeing often include a set of wellbeing indicators measured through self-reporting, biometrics, or behavioral observation (Douglas et al., 2022). While the proposed framework does not measure wellbeing, the goal of promoting wellbeing guided our selection of design factors and experiential qualities.

• Habitable buildings refers to “everyday” buildings in which people live, socialize, engage with their communities, or work in a context where they are relatively free to move around and take breaks when desired. Such buildings include houses, apartments, long-term care homes, libraries, community centers, child-friendly museums, typical offices, and most college and university campus buildings. Large outdoor areas like shopping streets and parks, crowded facilities like transportation hubs and popular tourist attractions, and process-driven facilities like factory floors and hospital emergency departments are not in scope.

• Space analysis involves the use of geometrical operations to gain insights into proposed or existing architectural or urban environments. The proposed framework employs spatial analyses related to daylight, walking and wheeling pathways, degrees of openness or enclosure, and visual and physical proximity. With a focus on near-range geometry, the framework does not factor in the aesthetics of distant views, the intended function of each room, or the adequacy of a building's HVAC system.

• Schematic design refers to the relatively early design phase at which architects begin producing spatial design proposals for building interiors and exteriors. We envision the proposed analyses being used while laying out spaces, interior and exterior walls and glazing, doorways, staircases, balconies, patios, courtyards, and other major features of habitable buildings. Fixtures such as kitchen cabinets should ideally be included in the analysis, while movable elements such as furniture and plants could potentially be included. Building layout is an aspect of the built environment that has been linked to both psychological and social wellbeing (Colenberg et al., 2021).



2.2 Influencing works

In choosing which design factors to measure using spatial analysis, we strove to set aside conventional metrics and rely as fully as possible on a review of best architectural practices within the framework's scope. Early in the process we identified two trends to serve as an initial direction for the investigation: (1) the link between biophilic design and wellbeing (Gillis and Gatersleben, 2015), and (2) the idea of introducing social cohesion into computational design (Kamalmaz, 2022). After reviewing numerous books, papers, reports, websites, videos, and standards, we subjectively singled out the following works as representative of the principles and schools of thought that influenced the design of the framework:

• A Pattern Language (Alexander et al., 1977) is a classic text providing extensive observations on how to design and construct towns and buildings with the aim of making people “feel alive and human”. The book is structured around 253 numbered “patterns” of varying scale, such as SMALL PUBLIC SQUARES (61), LIGHT ON TWO SIDES OF EVERY ROOM (159), and PAVING WITH CRACKS BETWEEN THE STONES (247), that draw inspiration from traditional rather than modernist examples of real-world architecture. We found that the authors' strong preferences and attention to detail eased the task of identifying common themes, which we could then compare with other sources of design advice.

• The Practice of Biophilic Design (Kellert and Calabrese, 2015) is one of several introductory references that espouse the physical, psychological, and social benefits of incorporating nature into the built world, whether (1) directly in the form of environmental features such as daylight and indoor plants, (2) indirectly in the form of elements representing nature such as wood finishing and nature-inspired artwork, or (3) by recreating the spatial characteristics of the natural habitats in which humans evolved. We also made use of 14 Patterns of Biophilic Design (Terrapin Bright Green, 2014), a report that presents biophilic design principles as a list of patterns similar to that of A Pattern Language.

• Design Guide for Long Term Care Homes (Wrublowsky, 2018) is a comprehensive report on how to design personal care homes that, in addition to providing shelter and protection, contribute to residents' quality of life and sense of purpose. Though focused on eldercare, the themes and recommendations in this report overlap significantly with those in the more general references above. We also made use of senior housing design guides striving to promote psychological and social wellbeing in the context of the COVID-19 pandemic and its aftermath (MASS Design Group, 2020; Verderber, 2022).



2.3 Experiential qualities of places

An experiential quality of a place is the tendency of that place to give rise to an experience in a real-world context. Broadly speaking, that evoked experience can be positive or negative, physical or psychological, fleeting, or sustained. In the proposed framework, our focus is on positive psychological experiences—best described as moods or feelings—that last roughly as long as a person spends time in that place.

In the current context, a place is an area sufficiently small that its experiential qualities are more-or-less uniform throughout. We argue that spaces with names, such as a “town square” in a city or a “living room” in a residence, should usually be treated not as a single place but rather as a collection of places, since the circulation routes, gathering areas, and quiet corners within with these larger spaces have different spatial characteristics and may give rise to different experiences. For example, a square-shaped living room may be treated as having 4, 9, or 16 places, depending on its size.

The three experiential qualities of the proposed framework are based on a principle derived from the influencing works, which is that habitable buildings should provide a mix of tranquil, social, and explorative places. The meaning of these experiential qualities can be inferred from a set of reference examples as well as general descriptions that associate each quality with certain types of experiences and activities (Figure 1). Despite the wide range of everyday activities people undertake in habitable buildings, the premise of the framework is that almost any such activity is best accommodated by either a tranquil, social, or explorative place.


[image: Figure 1]
FIGURE 1
 A reference example and general description for each of the three experiential qualities.




2.4 Composition of spatial metrics

The spatial metrics in this framework attempt to score various locations in a model of a habitable building on how tranquil, social, and explorative the corresponding real-world places will likely be over the course of everyday life. This scoring challenge is tackled using a compositional approach based on the observation that everyday experience is a product of a combination of factors. Instead of directly crafting a series of geometric operations that result in tranquil, social, and explorative scores, each of these qualities is decomposed into design factors that have a simpler and more obvious spatial interpretation (Figure 2). These factors are evaluated using spatial analysis, and the resulting place scores are combined to yield composite scores for each experiential quality. The remainder of this section describes the factors that contribute to the Tranquil, Social, and Explorative place scores, as well as the design scores that aggregate the location-specific results.


[image: Figure 2]
FIGURE 2
 Composition of the proposed metrics. The upper table of place scores indicates how the three experiential qualities are each composed of three factors. The lower left table of place scores indicates how the nature factor is itself composed of two factors. The place scores can be aggregated to produce five overall design scores, shown at the bottom right.


The nature factor, Connected to Nature, is the only factor in the framework that contributes to all three experiential qualities. It is also the only factor that is itself a combination of factors. The two components of Connected to Nature are described below:

• Close to plant friendly spots strives to measure the closeness of a place to spots where plants could potentially thrive. It is assumed that such spots should be daylit, so this factor addresses the widespread endorsement of natural light. It is also assumed that these spots must be accessible so that the plants can be watered and attended to, though ideally they would not be placed in the middle of a frequently traveled pathway where they might disrupt people's movement. The Close to Plant Friendly Spots score is primarily influenced by the idea of providing a direct experience of nature, as described in The Practice of Biophilic Design and similar works.

• Close to biophilic details is similar to Close to Plant Friendly Spots, except that it (a) measures closeness to actual plants instead of the potential for plants, and (b) includes other biophilic elements such as natural and nature-inspired materials, colors, and decor. This factor rewards efforts to provide both a direct and indirect experience of nature as described in The Practice of Biophilic Design. The use of wood in the Tranquil reference example (Figure 1), the green panel on the back wall in the Social example, and the patterning in the door in the Explorative example could all be considered biophilic elements. However, since these details may not be modeled during the schematic design phase, Close to Biophilic Details should be considered an optional component of the framework.

The pathway factors can be conceptualized as partitioning a habitable environment into three types of places: (1) those away from frequently traveled pathways, which are ideally tranquil; (2) those transitioning from pathways, which are ideally social; and (3) those close to pathways, which are ideally explorative. However, instead of creating discrete regions, the computation should produce a relatively smooth gradient from frequently traveled to less traveled areas, similar to INTIMACY GRADIENT (127) from A Pattern Language. The three pathway factors are described below:

• Away from pathways measures the degree to which a place is separated from frequently traveled routes, suggesting fewer disturbances from passersby and therefore contributing to a higher Tranquil place score. In the context of this framework, a “pathway” should be interpreted not as a space that would be designated as a circulation area, but rather an area that pedestrians would frequently pass through on a typical day. For example, although a tranquil sitting place may reside beside a walking path (Figure 1), the analysis should only treat the route as a pathway if its placement within the larger environment suggests that it will be frequently traveled.

• Transitioning from pathways measures the degree to which a place is situated off to one side of a frequently traveled route, giving passersby the opportunity to join those in the space and therefore contributing to a higher Social place score. The idea of having circulation paths run tangent to gathering areas is strongly recommended in COMMON AREAS AT THE HEART (129) from A Pattern Language, and reiterated in THE FLOW THROUGH ROOMS (131) and CORNER DOORS (196). A similar principle can be found in Design Guide for Long Term Care Homes: “Activity spaces are kept open to circulation paths so that residents can see what's going on and more easily get involved.”

• Close to pathways measures the degree to which a place is on a frequently traveled route. In many habitable buildings, particularly office environments, people spend only a small fraction of their time traveling from one place to another. Nevertheless, the need for a positive experience during these brief transition periods is given considerable attention in the design guides that influenced this framework. We include the Close to Pathways score so that it can be combined with other factors that collectively evoke this positive experience, which we named “explorative” for lack of an established term.

The visibility factors characterize the mix of openness and enclosure surrounding a place. The analysis should account for both visual and physical obstacles as different forms of enclosure, with clear glazing treated as a physical obstacle but not as a visual obstacle. The three visibility factors are described below:

• Half hidden characterizes the degree to which a place is sheltered by some form of enclosure on at least one side, yet mostly open in another direction. Balancing a person's desire to be aware of their surroundings with their aversion to feeling exposed, this type of setting promotes a feeling of security and therefore contributes to a higher Tranquil place score. A balance of openness and enclosure is a recurring theme in A Pattern Language, with relevant patterns including HALF-HIDDEN GARDEN (111), HIERARCHY OF OPEN SPACE (114), and HALF-PRIVATE OFFICE (152) among others. The concept of “prospect and refuge” from The Practice of Biophilic Design is also related.

• Mostly open characterizes the degree to which a place is either open or slightly enclosed, but not highly enclosed. Since excessive enclosure could make a place uncomfortable for multiple people to occupy at the same time, the Mostly Open factor contributes to a higher Social place score.

• Transitory characterizes the degree to which a person's surroundings change as they move along a frequently traveled route. Contributing to a higher Explorative place score, this factor is closely related to the concept of “Mystery” in 14 Patterns of Biophilic Design: “Mystery characterizes a place where an individual feels compelled to move forward to see what is around the corner; it is the partially revealed view ahead.” In addition to this aesthetic quality, pathways with uniqueness and variety may help people experiencing cognitive impairment remember how to get where they are going and recognize when they have arrived. “Spatial situations and places should not be repeated,” according to Design Guide for Long Term Care Homes. Similar themes also appear in ENTRANCE TRANSITION (112), SHORT PASSAGES (132), and ZEN VIEW (134) from A Pattern Language.

All of the place scores should be evaluated at every place in a proposed design, which may consist of an entire habitable building or part of a building. Although these place scores are intended to provide useful insights in their own right when displayed upon a floor plan or 3D model, it is also possible to aggregate them into a set of design scores representing the overall quality of the entire design:

• Connection to nature aggregates the Connected to Nature scores of the evaluated places into a single overall score. It is worth noting that the proposed framework uses descriptive phrases like “connected to nature” for place scores, and noun phrases like “connection to nature” for design scores.

• Tranquil places, Social places, and Explorative places approximate the degree to which a suitable proportion of places have high Tranquil, Social, or Explorative scores, respectively.

• Balanced design approximates the degree to which there is a suitable balance of places with high Tranquil, Social, and Explorative scores, meaning that a diversity of everyday activities will likely be accommodated. Ideally, the Balance Design score should also reflect a notion of harmony in the layout of a building that might further promote the wellbeing of its inhabitants.




3 Materials and methods

Here we outline our implementation of the experiential space analysis framework proposed in Section 2. Any independent effort to implement the framework will end up differing in the mathematical details of the scoring algorithm, the types of buildings used for testing, and other aspects of the approach. Nevertheless, the basic methodology involves preparing a dataset of habitable building models, computing density fields for pathways and daylight, and calculating the place scores and design scores defined in Section 2.4. The process should also involve identifying or collecting at least one dataset from an alternative methodology that can be used to scrutinize the algorithm's scores. In our case, we collected a dataset of conventional and experiential ratings via a crowdsourced online survey.


3.1 Dataset

A dataset of habitable building models is needed to calibrate and test the algorithm that performs the spatial analyses and outputs the scores proposed in Section 2.4. We used the Swiss Dwellings dataset (Standfest et al., 2022), which contains 3D geometry for over 45,000 apartments based on existing plans of roughly 3,100 buildings. To support an exploratory comparison of the algorithm's scores with ratings from the survey, we curated a diverse set of 20 apartments from this dataset (Figure 3). Although the proposed framework is intended for a wider range of habitable buildings including detached houses, offices, and community centers, the Swiss Dwellings apartments provided a diversity of floor layouts and served as a reasonable starting point for experimentation.


[image: Figure 3]
FIGURE 3
 The 20 apartments curated from the Swiss Dwellings dataset to be scored by the algorithm and evaluated by survey participants. The projections have been independently scaled such that small apartments like 04 and 10 are “zoomed in” relative to large apartments like 15 and 18. The ratings and scores can be found in Table 2.


For each apartment investigated, several categories of elements were extracted from the dataset to produce a 3D model for analysis (Figure 4). These categories included (1) floors; (2) walls; (3) doors, some of which were labeled as entrance doors; (4) windows; (5) coarse representations of permanent fixtures including balcony railings, kitchen cabinets, bathroom sinks, toilets, bathtubs, and shower stalls; (6) ceilings; and (7) balcony coverings, based on the assumption that each balcony is shaded by an identical balcony above. The Swiss Dwellings dataset does not specify whether each door is opaque or glazed, or whether the element is in fact an open doorway with no door at all. To minimize the risk of underestimating daylight, we assumed any door adjacent to a balcony, terrace, or loggia to be glazed. Entrance doors and doors adjacent to bathrooms, bedrooms, or storerooms were assumed to be opaque. Any other door element was assumed to be an open doorway between common areas.


[image: Figure 4]
FIGURE 4
 A 3D apartment model from the Swiss Dwellings dataset (apartment 18 within the curated set). The annotations highlight aspects of the dataset about which assumptions were made. The balcony coverings are shown as faint translucent elements, both here and in several other figures, though they were treated as opaque in the analysis and shown as opaque in the online survey. To provide survey participants with clear visuals, we cleaned the models by trimming off small pieces of adjacent apartment units.




3.2 Density fields

Once the building geometry is available in a suitable form, the first significant task in computing the proposed experiential quality scores is to produce density fields for daylight and pathways. These 3D fields fill a portion of the building's accessible space above the floor, around the walls, and around and above fixtures (Figure 5). Daylight density approximates the degree to which indirect sunlight will tend to pass through a volume of space. For the apartment models, high levels of daylight density occur close to windows, and even higher levels arise on the outdoor balconies. Pathway density approximates the degree to which people will tend to pass through a volume of space as they move from one place to another. Regions of high pathway density often coincide with corridors and other designated circulation areas, but they can also flow along the outer edges of rooms or cross directly through open spaces.


[image: Figure 5]
FIGURE 5
 Voxel-based daylight and pathway density fields shown within the initial polygon-based geometry of an apartment model (apartment 00).


To produce the density fields, we first converted the building geometry into a set of binary voxel models. These voxel models are regular 3D grids of box-shaped 3D pixels called voxels, where each voxel is either empty or filled. We used voxels measuring 6.25 cm along the horizontal axes and 25 cm vertically, and we created a separate voxel model for each category of elements listed in Section 3.1. While it is possible to operate directly on the polygons of the initial building geometry (Schwartz, 2021), voxel models provide a uniform representation for both visibility and accessibility analyses (Azadi et al., 2024). We employed a tool called Voxel-based Architectural Space Analysis (VASA), which supplies the Dynamo visual programming environment with voxel model operations that can be chained together to craft complex algorithms (Goldstein et al., 2023).

To produce the daylight density field, all voxel models representing opaque building elements were merged into a single visual voxel model. Visibility analyses were then performed in 102 downward-angled directions with zenith angles ranging from 0 to 60 degrees and azimuthal angles equally distributed over 360 degrees, resulting in 102 overlapping voxel models representing potentially daylit regions of 3D space. The daylight density model was then generated as a 3D histogram of these voxel models. The lowest daylight density level included voxels visible from at least 3 of the 102 directions, whereas the highest level included voxels visible from at least a quarter of the directions. Future implementations of the proposed framework could incorporate more sophisticated daylight calculations accounting for sun position, cloud cover, surrounding context, and reflections off surfaces (Ayoub, 2019).

To produce the pathway density field, all voxels models representing barriers to travel were merged into a single physical voxel model. Shortest paths were then calculated between a set of source points, the points from which distance fields are computed (Danielsson and Lin, 2003), and a set of sample points, the points from which paths are generated by following each distance field back to its source. All of these points were obtained using the sample point generation feature provided by the VASA package, which reduces the risk of low-resolution sampling by roughly aligning points with nearby walls rather than the axes of the coordinate system. The source points were spaced roughly 3 m apart and the sample points were spaced roughly 1.5 m apart. Each path was itself represented as a voxel model, expanded horizontally to a diameter of roughly 7 voxels (43.75 cm) to ensure sufficient overlap with other paths, and expanded vertically to height of 5 voxels (1.25 m) to encompass most of a moving person's volume. The pathway density field was then generated as a histogram of all of these voxelized and expanded paths, though we found that this technique required carefully selected thresholds and a slight trimming of the paths to produce a clean result. The pathway density field resembles the output of a betweenness centrality analysis (Freeman, 1977), which has previously been applied to the Swiss Dwellings models (Standfest, 2022).

Future implementations of the framework could account for movable furniture and other interior design elements, which would restrict areas of high daylight density while narrowing and concentrating areas of high pathway density. An interesting strategy would be to employ modern AI technology to generate a diverse set of plausible interior design configurations. The full analysis could then be run for each configuration, and the results could be aggregated to produce a single set of scores. Some architects may still prefer to analyze unfurnished layouts, in which case the lack of furniture should be considered as a source of error when interpreting the results.



3.3 Place scores

Once the daylight and pathway density fields are available, the place scores specified in Section 2.4 can be calculated. We implemented all of the place scores except the optional Close to Biophilic Details, since the Swiss Dwellings models do not include plants, material finishes, nature-inspired decor, or other elements needed to compute this factor. To determine which places would be evaluated in each apartment, we repurposed the sample points generated at roughly 1.5 m spacing for the pathway density field.

The spatial analysis techniques described below were used to calculate the place scores for the seven factors that compose the three experiential qualities. Analogous techniques were first pioneered by the Space Syntax community (Hillier et al., 1976), though with a focus on seeking mathematically elegant theories of society (Hillier et al., 1993; Haq, 2019). By contrast, we were willing to employ complex chains of operations to produce scores that reflected the principles derived from the influencing works. All geometric operations were performed by applying VASA's voxel-based algorithms using the same 3D grid that was employed to compute the density fields.

1. Two regions were computed for each place: (1) the region visible to a person at that point, also known as an isovist (Turner et al., 2001), but within a prescribed radius; and (2) the region accessible to the person within a given walking or wheeling distance. We limited these regions to 6 m from the sample point for all factors except Close to Pathways, where a limit of 3 m was used. The visible regions were computed from viewpoints located 4 voxels (1 m) above those containing the floor, a compromise between sitting and standing eye levels for people of different ages and heights. Almost all calculations were repeated for both types of regions, after which the two resulting scores were averaged into one. In most cases, the visual score obtained from the visible region was given twice the weight of the physical score obtained from the accessible region. For Close to Plant Friendly Spots, the weighting was 3:1 in favor of the visual score. For Half Hidden and Mostly Open, the accessible region was replaced with a region both visible and accessible.

2. For each place and associated region, a single number was obtained by performing an integration across the region's visible and/or accessible voxels. The daylight density field was integrated to compute the Close to Plant Friendly Spots factor, the pathway density field was integrated to compute the three pathway factors, and the region itself was integrated to compute the three visibility factors. In the vertical direction, voxels were weighted according to the list of coefficients [image: image], prioritizing voxels near eye level over those near the ceiling or floor. In the radial direction, voxels were weighted according to various falloff functions, the default being [image: image] with r representing the radial distance that ranges from 0 to rmax (6 m, in most cases).

3. For Close to Plant Friendly Spots, Close to Pathways, and Mostly Open, the number obtained through integration was converted into a score by applying an arbitrary multiplier, truncating the result to keep it between 0 and 1, and applying the default scoring function f defined in Equation 1. Away from Pathways was also computed in this manner, but the output was reversed so that higher pathway density would result in lower scores. The purpose of f was to ensure smoothly varying scores that level out at the high and low ends of the scale.

[image: image]

4. For Transitioning from Pathways, the average gradient of the pathway density field was computed across each visible or accessible region. The resulting gradient score was combined with the reversed Close to Pathways score to favor places beside a pathway yet not directly in the pathway.

5. For Half Hidden, the Mostly Open score was transformed so that the peak value would lie between the fully enclosed and fully open ends of the spectrum. The result was then combined with a score derived from the gradient of the visible region, reflecting the principle that a person's view should be skewed toward one direction.

6. Transitory was the most complex factor to implement, requiring the generation of a connectivity graph in which each place is connected to all other places within a 6 m walking distance. Since the principle behind this factor is that a person's surroundings should change as they move through an environment, the key step was to compute the difference in the geometries of the visible regions for every pair of neighboring places. These differences were weighted based on proximity, prioritizing pairs of places connected by frequently traveled pathways and not separated by doors. Similar computations have been proposed to measure a factor called “revelation” in previous work (Wiener and Franz, 2005).

The above calculations involved a number of multipliers and other arbitrary parameters that had to be calibrated to ensure that the place scores reflected the principles derived from the influencing works, and that they were reasonably distributed between 0 and 1. The calibration was performed by examining the place scores generated within certain areas of some of the apartments where the building geometry was relatively simple, and where this geometry clearly exemplified or contradicted the intent of at least one of the factors (Figure 6). For example, since long and narrow double-loaded corridors are known to contradict the principle that motivated the Transitory factor, the parameters of the Transitory calculations were adjusted to scale down the scores in these types of spaces. At the same time, it was important that the Transitory scores not be scaled down to such a degree that there would be no high-scoring places in any of the evaluated apartments.


[image: Figure 6]
FIGURE 6
 Visualization of selected place scores in some of the spaces that were found useful for calibration. For example, the Close to Plant Friendly Spots (Plant) results were scaled up to yield high scores in places with at least a modest amount of daylight nearby, yet also scaled down to ensure a somewhat gradual falloff from the glazed sides of the rectangular living rooms in apartments 00 and 05. The Transitioning from Pathways (Transitioning) results were scaled up to yield high scores opposite a pathway in the living room of apartment 05, yet also scaled down to prevent excessively high scores in the bedrooms of apartment 16. The Transitory results were scaled up to ensure at least a few high scores in a number of the apartments, yet also scaled down to prevent excessively high scores along the double-loaded corridor of apartment 18.


The place scores for the three experiential qualities were calculated by combining the place scores for the various factors according to the composition proposed in Section 2.4. The composite scoring functions are specified in Equation 2, where for place i, the Tranquil (tranquili), Social (sociali), and Explorative (explorativei) scores are obtained by applying the default scoring function of Equation 1 to a weighted average of the scores for Close to Plant Friendly Spots (planti), Away from Pathways (awayi), Transitioning from Pathways (transitioningi), Close to Pathways (closei), Half Hidden (halfi), Mostly Open (mostlyi), and Transitory (transitoryi), raised to the power of some exponent. The weighting coefficients emphasize certain factors over others, prioritizing Close to Plant Friendly Spots, Transitioning from Pathways, and Transitory as the most significant components of Tranquil, Social, and Explorative places, respectively. Close to Pathways was assigned a low weight since the factor was somewhat integrated into the Transitory scores.

[image: image]

The weighted averages in Equation 2 are reduced when raised to the power of 2.00, 1.75, or 1.50, increasing the importance of having multiple factors present when striving to achieve a high score for an experiential quality. Interviews with architects and interior designers suggested that tranquil experiences demand the presence of certain factors to a greater extent than the other qualities, whereas explorative experiences can be achieved in a wider variety of ways. We chose the three exponents to reflect this belief.



3.4 Design scores

The final step in the implementation of the scoring algorithm is to aggregate the place scores to produce the overall design scores proposed in Section 2.4. Since the only component of Connected to Nature we implemented was Close to Plant Friendly Spots, the average of these place scores serves a role similar to the Connection to Nature design score. The remaining design scores—Tranquil Places (tranquil), Social Places (social), Explorative Places (explorative), and Balanced Design (balanced)—are formalized by the optimization problem in Equation 3.

[image: image]

The key concept underlying this formulation is that a habitable building need not be tranquil, social, and explorative everywhere, but should rather exhibit a certain proportion of places that score highly on each of these qualities. Visual inspection of the apartments with high place scores suggested that roughly half of places should be highly Tranquil, a quarter of places should be highly Social, and a fifth of places should be highly Explorative. Lacking any definitive recommendation on the ideal proportion of tranquil, social, and explorative places, we decided to adopt these simple fractions. The remaining 5% of places was ignored, as we assumed most habitable buildings include a small amount of storage or utility space that need not diminish the overall scores.

The optimization problem in Equation 3 states that the places in a building should be apportioned into tranquil, social, and explorative buckets such that (a) each bucket ends up with the prescribed proportion of places; (b) the average place score in each bucket becomes the associated design score, either Tranquil Places, Social Places, or Explorative Places; (c) the average of these three design scores becomes the Balanced Design score; and (d) the Balanced Design score is maximized. To enhance the robustness of the optimization, each place is permitted to be chopped into parts so that one fraction may contribute to one bucket while other fractions contribute to other buckets. The optimization procedure is best carried out using an established technique such as simulated annealing (Kirkpatrick et al., 1983). For this investigation, however, we felt it sufficient to solve Equation 3 by apportioning places in a sequential manner based on a heuristic.

Unlike the place scores, where we found it necessary to engage in an iterative calibration process informed by the principles of the framework, the design scores were produced according to a strict sequence of steps: first, a complete set of place scores for the 20 apartments was deemed final and not subsequently changed; second, the optimization problem was decided upon and not subsequently changed; third, the design scores were computed. By following these steps, we deliberately prevented ourselves from observing the design scores of the various apartments and then adjusting those scores via further calibration to better reflect our personal preferences. A few of the design scores ended up surprising us, but the formula in Equation 3 was never altered in response. The final set of design scores can be found in Section 4.2.

It is worth noting that the apartments receiving the highest Balanced Design scores invariably exhibited a gradient of high place scores. This gradient consisted of high tranquil place scores toward the outside of the apartment, blending into one or two clusters of high social scores further in, blending into a single cluster of high explorative scores that we refer to as the apartment's explorative center. For example, the Tranquil, Social, and Explorative place scores of the three highest scoring apartments strongly featured this gradient, whereas the lowest scoring apartment was among several that lacked the social and explorative components of this pattern (Figure 7). We also noticed that while the explorative center often coincides with a central circulation area, it is sometimes skewed toward one side of the apartment, and sometimes appears in the living room, the dining room, or even the kitchen.


[image: Figure 7]
FIGURE 7
 Visualization of Tranquil, Social, and Explorative place scores for the three apartments that scored the highest for Balanced Design (apartments 01, 13, and 14), and the apartment that scored the lowest (apartment 07). As in these examples, high scoring apartments tend to feature a gradient transitioning from high Tranquil, to high Social, to high Explorative place scores. Low scoring apartments tend to lack part of this gradient, such as the centrally located social or explorative clusters of high scores.




3.5 Survey

Although interesting observations can be made by visualizing the algorithm's scores on their own, a complete implementation of experiential space analysis should include a comparison with at least one analogous set of scores obtained by a different method. One such method could be to select a small number of professional designers to rate the building models and explain their reasoning. A more resource-intensive method could be to recruit participants who live, work, or frequently spend time in the evaluated buildings, and record various indicators of their short-term moods and long-term wellbeing. Inspired by previous crowd sourced studies characterizing human experience in built environments (Ergan et al., 2018; Coburn et al., 2020; Altaf et al., 2022), we opted for an online survey capable of generating a statistically significant sample of ratings without radically increasing the scale of this research. To prevent the survey results from influencing the algorithm, we ensured that the algorithm's scores were completely finalized before collecting any ratings from survey participants. All ratings were made using a 5-point Likert scale with options labeled “Very Poor,” “Poor,” “Neither Poor nor Good,” “Good,” and “Very Good,” which we later translated into numbers from 1 to 5. The survey progressed through the following segments:

1. Each participant rated five 3D models selected randomly from the full set of 20 apartments. The models appeared as shown in the figures of this paper (Figure 4), and participants were encouraged to rotate, pan, and zoom in or out on these models to get a better view. At this stage, the models were rated according to three criteria: Functionality, Aesthetics, and Overall Rating. The purpose of this initial part of the survey was to collect a set of conventional ratings from participants before they were exposed to the proposed framework.

2. The experiential qualities of the framework were introduced via a series of pages throughout which each participant was asked to rate a total of ten first-person images of indoor and outdoor built environments. The ten images were selected randomly from a set of 100 that we curated from the stock photo service iStock and accessed for use via a subscription. Participants rated the images on the three experiential qualities: Tranquil, Social, and Explorative. They were given a general description of each quality (Figure 1), but no reference examples or contributing design factors were provided. Though not part of the main comparison between algorithm and survey results, the image ratings and associated discussion can be found in the Supplementary material.

3. After being introduced to the experiential qualities, each participant was shown the same five 3D models they had previously evaluated on the conventional metrics, and re-evaluated them on the four criteria mirroring our algorithm's design scores: Tranquil Places, Social Places, Explorative Places, and Balanced Design.

4. Each participant then viewed a series of five 3D models in which a 3D marker pinpointed a single location to be rated. These five locations were selected randomly from a set of 20 places, distributed within two relatively complex apartments, that we had chosen for comparing the algorithm's place scores to the participants' ratings (Figure 8). Participants rated each location on the three qualities: Tranquil, Social, and Explorative.

5. The final page contained questions about participants' experience taking the survey, their professional background, and, optionally, their age and gender.


[image: Figure 8]
FIGURE 8
 The 20 locations evaluated by survey participants for comparison with the algorithm's place scores. The ratings and scores can be found in Table 1.


To provide participants with 3D model visualization and interaction capabilities, we produced a custom-made survey tool. Our survey was built as a Node.js web app employing the Next.js React framework and the SurveyJS library. We embedded the Autodesk Platform Services Viewer to display the 3D models. It would have been possible to use existing survey tools by presenting static 2D images of the apartments. However, we felt that providing interactive 3D models would help participants fully visualize the apartment geometry, which served as the common denominator between the crowd sourcing and algorithmic approaches. The 3D viewer also allowed us to track effort and engagement with the survey by recording rotate, pan, and zoom interactions.

We used the online crowd sourcing platform Prolific to recruit 225 respondents listed as having an educational background that included the subject “Architecture.” We had considered comparing the ratings of architects and non-architects, since previous studies have found that the two groups attend to different attributes of apartment floor plans (Ishikawa et al., 2011), express different preferences for floor plans (Boumová and Zdráhalová, 2016), and respond differently to images of buildings and building interiors (Brown and Gifford, 2001; Vartanian et al., 2023). However, we were concerned that individuals less habituated to architectural representations might have struggled to interpret the 3D models, in which case their ratings might not have been meaningful. This concern is somewhat supported by previous research (Bates-Brkljac, 2013; Bazzaro et al., 2018), and could be investigated in a future study dedicated to 3D model interpretation. To further promote data quality, we (1) required respondents to have been approved for at least 95% of at least 5 previous Prolific studies; (2) excluded one of the 225 respondents due to a suspected device compatibility error; (3) excluded 32 of the remaining respondents who failed either of two attention checks while filling out the survey; and (4) excluded 10 of the remaining respondents who exhibited any 2 of the following 3 signs of insufficient effort responding:

• The minimum time they took to complete a page of model ratings was in the bottom 10%.

• They gave identical ratings to all 5 models for more than 3 out of 10 rating categories.

• They gave the same rating for Tranquil, Social, and Explorative for more than 6 out of 10 models.

The final sample of 182 participants included residents of 26 countries spanning 6 continents, according to demographic data from Prolific. Notwithstanding the eligibility criteria, 157 participants reported via the survey that they had either professional experience or formal training in architecture; another 14 reported experience or training in interior design, landscape design, or urban design; and the remaining 11 reported a mix of backgrounds that in most cases included some form of design or engineering. The gender breakdown within the sample was 96 women, 82 men, and 4 non-binary participants. The age breakdown was 160 participants aged 18–35, and 22 participants aged 35–55.



3.6 Comparison of algorithm and survey results

Different approaches can be used to compare an experiential space analysis algorithm's scores to an analogous set of crowdsourced ratings. Rather than regard the survey results as a baseline or ground truth upon which to evaluate the algorithm, our aim was to place both methodologies on equal footing while avoiding any preconceived assumptions about which set of results might better reflect people's real-life activities and experiences. We sought to gain insights by observing where the computational and crowd sourcing approaches yielded similar patterns, and where these patterns appeared to differ.

Our first method of analysis was a direct comparison of the algorithm's scores and the participants' ratings, first for the 20 selected locations and then for the 20 curated apartments. For each location and apartment, we averaged the survey ratings supplied by individual participants to obtain a single rating for each category. The standard deviations hovered around 1.0 for all average ratings in all categories, a high level of variability considering that uniformly distributed ratings would have yielded standard deviations of roughly 1.4. The standard errors were around 0.15. Though initially computed between 0 and 1, all scores produced by the algorithm were linearly mapped onto a 1–5 scale to match the Likert ratings collected via the survey. For the apartment results, we prioritized (1) the Overall Rating from the survey, (2) both survey ratings and algorithm scores for the three experiential qualities and Balanced Design, and (3) the average value of the Close to Plant Friendly Spots place scores, which we interpret as an overall daylight or Connection to Nature score. We did not closely scrutinize the Functionality and Aesthetics ratings, which were included in the survey mostly to steer participants toward thinking about the experience of occupants rather than cost, constructability, code compliance, or other professional considerations.

Next, we generated and examined matrices of Pearson correlation coefficients quantifying the strength of any linear relationship between the survey and algorithm results. For the 20 locations, correlations were computed between (a) the average survey ratings for Tranquil, Social, and Explorative, and (b) the three experiential quality place scores and the seven contributing design factor place scores. For the 20 apartments, correlations were computed between (a) the average survey ratings for each category, and (b) the Tranquil, Social, and Explorative Places design scores, the Balanced Design scores, and the average values of each apartment's place scores for all seven contributing factors. Given the sample size of 20 for both locations and apartments, correlation coefficients <0.38 have one-sided p-values > 0.05, suggesting questionable significance, whereas correlations of at least 0.52 have p-values < 0.01, suggesting high significance.

Finally, we took a closer look at the relationship between apartment ratings and scores across different levels of participant expertise. For this phase of the analysis, we considered only (1) the average Overall Rating results from the survey, and (2) both the Balanced Design and the average Close to Plant Friendly Spots scores from the algorithm. The Overall Rating results were of interest because they were obtained from participants before they were introduced to the Tranquil-Social-Explorative evaluation framework, which would likely have influenced subsequent ratings. We were curious whether the correlation between Overall Rating from the survey and Balanced Design from the algorithm would increase when considering only participants with higher degrees of relevant architectural experience. To gauge this experience, we used the question at the end of the survey that asked, “How many years of professional experience do you have designing residential apartments?” Of the 182 total participants, a subset of 116 that we refer to as practitioners reported having some apartment design experience, albeit possibly less than a year. Of these practitioners, a subset of 71 we refer to as experts reported having at least one year of experience. These groups were chosen post-hoc, since prior to the survey we did not know which survey questions and response thresholds would provide suitable sample sizes within each subset.




4 Results


4.1 Comparison of location results

The direct comparison of the algorithm's place scores with the location ratings from the survey revealed a degree of similarity between the two sets of results, though the scores and ratings differed in several regards (Table 1). First, the average survey ratings spanned a narrower range of values than the algorithm's scores, the latter of which ranged from 1.0 to 5.0 in some cases. More notably, whereas the algorithm's place scores exhibited a pronounced spatial gradient from Tranquil to Social to Explorative across the main common area in both apartments, these gradients were relatively subtle for the Tranquil survey ratings and barely noticeable for the Social and Explorative survey ratings. For example, the algorithm produced Social scores increasing from 1.6 to 5.0 for locations 00 through 02, which stretch from the periphery to the center of the common space of apartment 03. By contrast, the survey yielded nearly identical Social ratings for these three places. A slight exception to this pattern was evident at locations 03 and 04, which received lower Social ratings despite being in the same room, but these places were situated directly in front of passageways. For apartment 15, the Social and Explorative survey ratings each varied by only 0.2 for locations 10 through 13 in the main living space, despite a much wider distribution of scores from the algorithm.


TABLE 1 Algorithm and survey results for the 20 selected locations.

[image: Table 1]

The correlation matrix for the location results exhibited several noteworthy patterns (Figure 9). The participants' average Tranquil location ratings were highly correlated with the algorithm's Tranquil place scores (r = 0.87) as well as the algorithm's scores for two of the three contributing factors: Close to Plant Friendly Spots (r = 0.73) and Away from Pathways (r = 0.80). However, the Tranquil survey ratings were not significantly correlated with the third contributing factor, Half Hidden (r = 0.24). The participants' average Social and Explorative ratings were most strongly correlated with the Mostly Open place scores (r = 0.92 and 0.84, respectively). There were also significant correlations between the average Social ratings and the other two contributing factors, Close to Plant Friendly Spots (r = 0.49) and Transitioning from Pathways (r = 0.43). Combining all three factors produced Social place scores that correlated with the Social survey ratings (r = 0.60), but not to the same degree as the Mostly Open factor on its own.


[image: Figure 9]
FIGURE 9
 Matrix of correlation coefficients comparing the three average survey ratings to the algorithm's place scores for the 20 evaluated locations. The place scores include the three experiential qualities as well as the seven contributing design factors.




4.2 Comparison of apartment results

The direct comparison of algorithm scores and survey ratings for the apartments revealed some degree of similarity between the two sets of results, though there were several apartments for which the participants' average ratings and the algorithm's scores substantially differed (Table 2). Apartment 14 received relatively high algorithmic scores and crowdsourced ratings on a wide range of categories, whereas apartments 06, 07, and 12 received both low survey ratings and low algorithm scores. However, whereas apartments 01 and 13 received the highest Balanced Design scores from the algorithm (4.4), the survey ratings were high for apartment 01 yet low for apartment 13. Participants gave apartment 10 a high Social Places rating (3.9), whereas the algorithm gave it the lowest score in that category (1.7). Participants gave apartment 18 a high rating for Explorative Places (3.7), whereas the algorithm's score was low (2.2).


TABLE 2Algorithm and survey results for the 20 curated apartments.
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The correlations between the apartment results are presented in two matrices (Figure 10), the first of which includes the coefficients associated with the conventional survey ratings: Functionality, Aesthetics, and Overall Rating. This matrix shows essentially no correlation between the average ratings for Functionality and any of the scores produced by the algorithm. The Aesthetics ratings did correlate with some of the scores, particularly the average score for Close to Plant Friendly Spots (r = 0.62). The correlation between the Overall Rating results from the survey and the Balanced Design scores from the algorithm was barely significant (r = 0.38).
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FIGURE 10
 Matrices of correlation coefficients between the average survey ratings and the algorithm's four design scores, as well as the average value of the place scores for each type of factor. The upper matrix includes the coefficients for the three conventional survey ratings. The lower matrix includes the coefficients for the four experiential survey ratings.


The second matrix includes the correlation coefficients associated with the experiential survey ratings: Tranquil Places, Social Places, Explorative Places, and Balanced Design. Had there been a high degree of alignment between the results of the survey and the algorithm, we would have expected the coefficients to be noticeably high along the diagonal where the categories match. This pronounced diagonal is not evident. The Tranquil Places survey rating correlated most strongly with the Explorative Places design scores (r = 0.48), and did not significantly correlate with the Tranquil Places design scores from the algorithm (r = 0.12). Layouts in which the main common area appeared to take up a large fraction of the floor space, such as apartments 04, 09, and 10, were among those that received noticeably low Tranquil survey ratings compared with the algorithmic scores. The survey ratings for Social Places, Explorative Places, and Balanced Design correlated with the associated design scores (r = 0.48, 0.48, and 0.52, respectively), but these correlations were not pronounced compared to other nearby coefficients in the matrix.



4.3 Comparison of experience levels

Scatter plots relating the Overall Rating from the survey to the Balanced Design and Close to Plant Friendly Spots scores from the algorithm exhibited signs of a potential relationship between participants' expertise and the tendency of their ratings to align with the algorithm's scores (Figure 11). Specifically, while the correlation between the survey ratings and the algorithm's Balanced Design scores was minimal when all 182 participants were included (r = 0.38), the correlation increased when considering only practitioners (r = 0.53), and further increased when considering only experts (r = 0.58). By contrast, the survey ratings correlated minimally with the average Close to Plant Friendly Spots scores for the participants, practitioners, and experts (r = 0.41, 0.43, and 0.43, respectively). Participants with more self-reported experience showed greater appreciation for apartments 08, 11, and 13, which appear as outliers in the plot relating Overall Rating to Balanced Design for all participants. Notwithstanding the large statistical errors for the smaller subgroups, which complicates the interpretation of many of the apartment ratings, the more experienced participants awarded considerably higher ratings to apartment 13, the model that the algorithm scored highest for Balanced Design.
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FIGURE 11
 Overall Rating scores from the survey plotted against the Balanced Design and averaged Close to Plant Friendly Spots scores from the algorithm. The survey ratings are averages across all participants (top row), a subset of the participants who indicated some professional experience designing residential apartments (middle row), and a smaller subset who indicated at least 1 year of apartment design experience (bottom row). The error bars show the standard errors, which increase as the sample size is reduced.





5 Discussion


5.1 On the interpretation of experiential qualities

The literature contains various frameworks similar to ours in that they characterize architectural settings using a small set of experience-related dimensions, yet different in their application, their methodology, and how their dimensions should be interpreted. Similar to our Tranquil, Social, and Explorative “experiential quantities,” others have proposed Restorativeness, Stress and Anxiety, Aesthetics and Pleasure, and Motivation as four “categories of human experience” (Ergan et al., 2018); Coherence, Hominess, and Fascination as three “psychological dimensions of architectural experience” (Coburn et al., 2020); and Safety, Interaction, and Distraction as three “cognitive appraisals” (Gath-Morad et al., 2024). While these frameworks differ from ours in that they rely on subjective evaluations of scenes, many of them include dimensions that appear to belong to the same umbrella of moods, feelings, or atmospheres (Kirsh, 2023). For example, our Tranquil quality is likely related to Restorativeness, (Low) Stress and Anxiety, Hominess, Safety, and (Low) Distraction. Our Social quality is likely related to Interaction. Our Explorative quality is likely related to Fascination. Even in cases where multiple frameworks include experiential qualities or dimensions with nearly synonymous names, these categories may differ in how they relate to human activities and spatial context.

Whereas psychological dimensions characterize people's responses to a place (Coburn et al., 2020; Gregorians et al., 2022), the experiential qualities of our framework characterize the place itself, and do so in a way that encompasses both the way people may feel and the activities they may perform. When our algorithm generates high Tranquil place scores in certain areas of an apartment, it does not imply that a person's mental state will instantly transition to one of calmness and serenity every time they set foot in one of those areas. Rather, the intended interpretation is that, all else being equal, inhabitants of an apartment with high Tranquil place scores will likely engage in peaceful activities more frequently, favor the higher scoring Tranquil places for those activities, and experience more positive emotions in general during those times. Similarly, a high Social place score suggests that shared activities involving family or friends will occur more frequently, and with greater satisfaction, in that place than in places with low Social scores.

Though similar to atmospheres in that they characterize a setting rather than a mental state (Kirsh, 2023), our experiential qualities are more clearly dependent on the spatial context of that setting within the larger environment. For example, if an annual party is occurring in a large, beautiful room in an isolated corner of an office, that room can be said to have a social atmosphere at that moment in time. But because the room is in the corner of the office, where it is unlikely to attract passersby on a typical day, our framework suggests that the room might lack places that are highly social in terms of their experiential qualities. Another difference is that an atmosphere usually pertains to a space as a whole, whereas an experiential quality is intended to vary from place to place within a room that supports diverse activities. By presenting architectural models, our survey allowed participants to observe how each marked location was situated within the surrounding room as well as the entire apartment, and to consider this spatial context when rating the experiential qualities of that place. This contrasts with previous work in which experiential qualities were evaluated using rendered scenes (Franz et al., 2005; Ergan et al., 2018; Gath-Morad et al., 2024), though incorporating virtual navigation capabilities may allow participants to discover how each place is situated in its environment (Wiener and Franz, 2005).



5.2 On the evaluation of architectural models

Based on the results presented in Section 4, there appear to be fundamental differences in how architectural models are evaluated by an experiential space analysis algorithm and by people with an architecture-related background who have been asked to rate the same experiential qualities. When interpreting the results, it is important to remember that the survey ratings varied considerably from one participant to the next, and hence the average ratings do not resemble those of a typical professional or experienced individual. It is also worth considering that, while most of the participants had a strong background in architecture, a desire to complete the survey quickly may have led to rushed evaluations. Nevertheless, the location results in Section 4.1 suggest that participants assumed relatively uniform experiential qualities within each space, especially for the Social and Explorative qualities. It is possible that preconceptions about room types, such as a notion that living and dining rooms are social spaces, may have influenced this pattern. For the Tranquil quality, a tendency for participants to evaluate each room as whole may explain the low correlation with Half Hidden, a factor we associate with partially enclosed refuges on the periphery of social spaces. In contrast to human evaluators, the algorithm has no notion of a “space,” and will often predict a gradient of highly tranquil, social, and explorative places even within the same room.

It was noted in Section 4.2 that when rating an entire apartment, participants produced Tranquil Places ratings exhibiting no significant correlation with the corresponding design scores produced by the algorithm. A possible explanation is that the algorithm computes its Tranquil Places design scores in a manner that would be time-consuming for a person to emulate, as it would involve evaluating and aggregating the tranquil quality of various places in bedrooms and along the periphery of common rooms. Instead, many of the participants may have performed a quicker assessment by assuming the common rooms to be uniformly social, and evaluating Tranquil Places as the proportion of floor space in alternative rooms. Yet regardless of whether this theory is true, a substantial change to the design of the survey is likely needed to detect deeper similarities and differences between the combinations of design factors that influence human evaluators and the presented algorithm when inferring experiential qualities from architectural models.

Despite the challenge of crowd sourcing experiential ratings using architectural models, the conventional ratings exhibited an interesting trend. As observed in Section 4.2, the Overall Rating results from the survey correlated more strongly with the Balanced Design results from the algorithm when considering participants with more self-reported experience designing residential apartments. We would expect to see such a trend if habitable buildings possess varying degrees of overall harmony, as discussed in Section 1, and if both the algorithm and the more experienced participants are able to detect this harmony to a degree. The fact that the Close to Plant Friendly Spots metric did not exhibit the same pattern suggests that something might have been gained by combining factors. However, it is important to note that a few of the more unusual apartments had an outsized influence on the observed trend. Examples include apartments 08 and 11, (Figure 12) which feature peculiar topological relationships, as well as the top-scoring yet oddly shaped apartment 13 (Figure 7). The observed relationship between participant experience and agreement with the algorithm could be formally tested in a follow-up study involving (1) a larger set of apartments that were not used to calibrate the algorithm, (2) participant expertise categories determined in advance of the study, and (3) a test statistic capturing the strength of the trend, also determined in advance of the study. While such an investigation could boost confidence in the proposed method, correlations between experts' ratings and the algorithm's scores may reflect a possibility that both have been influenced by similar design principles and schools of thought; such an alignment does not necessarily imply an ability to predict the effect of an environment on wellbeing.
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FIGURE 12
 Visualization of Tranquil, Social, and Explorative place scores for two apartments featuring peculiar topological relationships. The kitchen in apartment 08 is visually separated from the daylit common room. The bathrooms in apartment 11 are accessible only via its two bedrooms. Both apartments received noticeably low Overall Rating evaluations from survey participants despite moderate to high Balanced Design scores from the algorithm.




5.3 Toward the prediction of experience and wellbeing

Experiential space analysis can be viewed as part of a larger scientific endeavor to predict the impact that the design of a building or city will have on people's everyday experiences and long-term wellbeing. A key challenge in this endeavor is how to obtain experiential and wellbeing data at the necessary scale. Spatial analysis metrics derived from isovists have previously been compared to participants' subjective evaluations of places in buildings (Wiener and Franz, 2005; Fisher-Gewirtzman, 2012; Gath-Morad et al., 2024), a line of research that could lead to data-driven experiential space analysis tools. Our theory-driven methodology allows progress to be made using selected best practices in lieu of data, though high-quality experiential datasets are ultimately needed to fine tune and validate any handcrafted algorithms. To create datasets providing subjective evaluations of experiential qualities, a pragmatic approach is to conduct onsite surveys in which each quality is scored using a combination of questions (Breiby and Slåtten, 2018; Zamanifard et al., 2019). Other datasets may avoid surveys altogether, inferring the quality of a built environment from discrete actions such as paying a certain rental price (Turan et al., 2021; Standfest, 2022), or posting a positive or negative online review (Zhang et al., 2023). In addition to the recent studies cited in Section 1, data collection methods for assessing long-term wellbeing include in-depth interviews (Molina, 2021), controlled crossover studies (Woo et al., 2021), mixed methods post-occupancy evaluations (Zallio and Clarkson, 2022), and longitudinal surveys (Altaf et al., 2023; Bianchi et al., 2023).

The main implication of our work for data collection efforts is the possible need to consider combinations of factors when investigating links to health and wellbeing. Unfortunately, this would seem to require even greater amounts of data than what is already necessary to relate individual factors to wellbeing for a representative sample of people worldwide. To illustrate, consider a hypothetical study involving 9 measurable design factors. There happens to be 280 ways to group those factors into 3 sets of 3. To determine which groupings of factors best predict outcomes, suppose that metrics resulting from all 280 combinations are correlated with 3 wellbeing indicators. In that case, an extraordinary amount of data would be required to ensure that none of the 280 × 3 = 840 possible correlations are spurious. The challenge is compounded by the arbitrary nature of composition formulas like Equation 2, suggesting that multiple formulas should be tested for each combination of factors. We submit that this combinatorial problem might discourage the pursuit of empirical data pertaining to composite metrics, a form of evidence that may be necessary to truly validate or possibly refute best known practices for architecture and urban design.

A practical way to make progress may be to compare several predetermined sets of design factors rather than all possible combinations. In a recent online study (Zijlstra et al., 2024), participants who had experienced hospitalization were randomly assigned to one of four virtual settings: (1) a control condition modeled after a real-life hospital room; (2) a Golden Ratio variation based on a classical geometry-inspired design principle; (3) a Feng Shui variation based on a classical Chinese form of geomancy; and (4) an Evidence-Based Design variation grounded in contemporary scientific studies. Each variation introduced as many as 15 design changes relative to the control. It was found that participants exposed to either the contemporary Evidence-Based Design variation or the classical Feng Shui variation experienced less anxiety, whereas no difference was found between the classical Golden Ratio variation and the control. Datasets collected in a similar manner might aid in the study of experiential space analysis frameworks.



5.4 Toward the practical application of experiential space analysis

As stated in Section 2.1, the goal of the framework is to help practicing architects promote psychological and social wellbeing in habitable buildings. This practical objective of improving the built environment differs somewhat from the scientific endeavor of predicting experiences and outcomes. From a scientific standpoint, one might ask whether the real-life inhabitants of apartments 03 and 15 experience their homes in a way that is more consistent with the location ratings from the survey or the place scores from the algorithm (Figure 13). From a practical standpoint, however, one must ask what design changes an architect would consider in light of the algorithm's scores, and whether those changes improve the apartments. For example, the algorithm gave apartment 03 low Social and Explorative scores relative to survey participants, a result of the pathway density field being concentrated in narrow passageways separated from the large daylit space. An architect might respond with a change to the layout, such as moving the kitchen into the common space, in an effort to alter circulation patterns and increase the scores. Apartment 15 received high scores from the algorithm, but the dining room was scored as Explorative whereas an architect might intend it to be Social. Moving the balcony might produce higher Social scores in the dining room and higher Explorative scores in the living room. These types of metric-inspired design modifications, and their implications, could be investigated in future work focusing on the application of the metrics.


[image: Figure 13]
FIGURE 13
 Visualization of Tranquil, Social, and Explorative place scores for the two apartments used to compare crowd sourced and algorithmic location results (apartments 03 and 15). These types of visualizations are intended to inspire design modifications that might increase the place scores in general, or change the way tranquil, social, and explorative places are distributed throughout the building layout.


A key difference between experiential space analysis and typical spatial analyses is the manner in which a set of metrics promotes a balance of design factors. Particularly in the context of generative design (Gerber and Lin, 2014; Nagy et al., 2017), this balance is typically pursued by selecting a set of metrics that represent competing objectives and must therefore oppose one another. For example, a metric representing daylight and another representing spaciousness might fail to create this opposition, since both objectives can be satisfied by removing all interior walls and opting for a 100% glazed facade. But when an opposing metric representing low distraction is also included in the design workflow, a diversity of layouts can be generated to explore trade-offs among objectives. An advantage of this approach is that combinations of design factors need not be chosen in advance, as they were in our methodology. However, it has been pointed out that design objectives can be seen as reconcilable rather than competing (Alexander, 1979), and that a philosophy based on reconciling objectives could be introduced into generative design (Kamalmaz, 2022).

With experiential space analysis, the concept of balance is incorporated into the metrics themselves. To achieve a high Half Hidden score, for example, a degree of openness must be balanced with a degree of enclosure. More importantly, the Tranquil Places, Social Places, and Explorative Places design scores are average values associated with different groupings of a building's places, and can therefore be viewed as representing complementary rather than competing objectives. Apartment 01 is an example of a layout that reconciles any potential conflict between tranquility, sociability, and explorativity, based on the high scores it received from the algorithm (Figure 7). Incidentally, this apartment also received the highest Overall Rating from the full sample of survey participants. Unlike a typical application of generative design, where the main steps involve generating non-dominated design options and exploring how some designs trade one high score for another, experiential space analysis encourages designers to find modifications that simultaneously improve multiple experiential metrics. These potential modifications can be produced manually or with any amount of design generation.

While this work has focused on habitable buildings, a similar framework could be developed to help urban designers promote wellbeing in neighborhoods and communities. Such a framework could incorporate adapted versions of some of the same experiential qualities and factors we proposed for buildings. For example, the Social factor we named Transitioning from Pathways appears closely related to the following urban design advice: “Create neighborhood squares adjacent to neighborhood through streets, and at nodes where commercial activities are present or likely.” (Salingaros, 2021). On the other hand, weather and vehicle traffic significantly impact people's outdoor experiences, and should probably be factored into any analysis of experiential qualities at the community scale. A growing interest in biophilia and social cohesion has motivated a diversity of studies that could inform a composition of spatial metrics for urban design projects (O'Sullivan et al., 2023; Sonta and Jiang, 2023; Rehman et al., 2024).




6 Conclusion

We demonstrated experiential space analysis, a computational design methodology that strives to predict the experiential qualities of places in an architectural model by decomposing those qualities into factors with simpler and more obvious spatial interpretations. Our methodology begins with a proposed framework in which three experiential qualities—Tranquil, Social, and Explorative—can be evaluated at various places in a habitable building by scoring a nature factor, three pathway factors, and three visibility factors, and combining the results. The experiential quality place scores can then be aggregated to produce a set of design scores, including an overall Balanced Design score intended to capture the harmony of a building's layout as well as its likelihood of accommodating a diversity of everyday activities.

The framework was implemented and applied to a set of 20 residential apartments from the Swiss Dwellings dataset, and the scores produced by the algorithm were compared with an analogous set of ratings that we crowd sourced using an online survey. We observed that when evaluating 3D architectural models, survey participants tended to assume relatively uniform experiential qualities within each space of each apartment. By contrast, our algorithm often produced a gradient of highly tranquil, social, and explorative scores, even within the same room. We also observed that participants with more experience designing residential apartments provided initial assessments more strongly correlated with the algorithm's Balanced Design scores. Though consistent with the idea that building layouts possess an overall harmony that should be detectable in experts' ratings and experiential space analysis results, the exploratory nature of our investigation means that a follow-up study would be needed to confirm the observed trend.

This research raises two questions concerning the prediction of human experience and wellbeing in architectural and urban design practice. First, is it sufficient to quantify and optimize individual design factors that have been empirically linked to wellbeing, or is there something to be gained by combining design factors in an effort to predict the experiential qualities of places in buildings or urban developments? Second, given the extraordinary amount of empirical data that may be needed to associate combinations of design factors with improved wellbeing, is there value in using theoretical best practices as a basis for experiential space analysis tools? We submit that compared with conventional, single-factor analyses, professional designers may be able to derive new kinds of insights from the theory-driven, composite metrics presented in this paper. However, architects must understand how certain schools of thought have influenced the design and implementation of the algorithm, and take the limitations of this methodology into consideration when exploring design modifications based on the resulting scores. Regardless of whether the computational framework is derived from our selection of influencing works or grounded in psychological theories, neuroaesthetics (Chatterjee and Vartanian, 2014), Space Syntax, Evidence-Based Design (Ulrich et al., 2008), or even classical approaches such as Feng Shui, we envision a paradigm in which theoretical best practices are used as a starting point to encourage the study of combinations of factors. Behavioral, experiential, and wellbeing datasets can then be incorporated into the spatial analysis methodology over time.
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A diagram depicting all 20 apartments can be found in Figure 3.
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‘The six highest scores/ratings in each column are shown in bold.
A diagram depicting all 20 locations can be found in Figure .
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