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Abstract: 

 

This study examines public sentiment toward indoor ventilation in New York City using social 

sensing and large language models applied to geotagged Twitter data from 2013 to 2023. A 

longitudinal corpus of 1,500 tweets was compiled and analyzed to identify temporal and spatial 

patterns in ventilation-related discourse across New York City boroughs. After data cleaning and 

relevance screening, sentiment classification was conducted using RoBERTa to distinguish 

positive and negative expressions associated with indoor ventilation. The results show that 

discussion of indoor ventilation remained limited before 2019 but increased sharply during the 

COVID-19 period, with the highest volume observed in 2020 and sustained activity through 2022. 

Spatial analysis further indicates that Manhattan accounted for the largest concentration of 

ventilation-related tweets, followed by Brooklyn and Queens, suggesting uneven borough-level 

engagement with indoor air issues. Model confidence scores remained relatively stable across 

years, supporting the consistency of the classification results. Overall, the findings demonstrate 

how Twitter, as a form of social sensing, can help reveal changing public perceptions of indoor 

ventilation in urban environments, while large language models provide an effective approach for 

interpreting sentiment in geolocated public health discourse. 
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1. Introduction 

 

As metropolitan centers continue to densify, the tension between high-occupancy environments 

and the urgent necessity for healthy indoor infrastructure has become a critical focal point for 

public safety (Hartmann, 2022). Current building performance standards often prioritize 

operational energy efficiency over the physical well-being of the workforce and residents (Perera 

et al., 2025). This institutional oversight is particularly concerning given that modern urban 

dwellers spend more than ninety percent of their lives in indoor spaces where air quality is rarely 

monitored or optimized (Allen et al., 2016). Consequently, the integration of advanced sensing 

technologies and data-driven analytics is now essential to bridge the disconnect between 

architectural engineering and healthy public health outcomes (Shi et al., 2021). 

 

Building ventilation serves as a primary defense mechanism in urban public health by regulating 

air exchange rates to dilute and remove airborne pathogens (EPA, 2025; Morawska et al., 2020). 

However, increasing mechanical ventilation is a complex environmental intervention; rapid air 

exchange in multi-room buildings can occasionally facilitate the spread of viral particles to 

adjacent rooms by elevating concentrations faster than they can be filtered (Pease et al., 2021). 

Leading regulatory bodies have recently updated their technical guidelines to recommend a 
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minimum of five air changes per hour (ACH) to significantly mitigate respiratory transmission 

risks (California Department of Public Health, 2021). Despite these engineering standards, the 

practical implementation of high-efficiency filtration remains highly inconsistent across the 

existing diverse urban building stock (Global Virus Network, 2023). Therefore, the post-pandemic 

recovery requires a fundamental re-evaluation of how existing mechanical systems are maintained 

to ensure occupant safety (Morawska et al., 2020). 

 

Social sensing has emerged as a novel paradigm in urban studies, utilizing crowd-sourced data 

streams to capture real-time reflections of the city's functional state and resident sentiment (Kamel 

Boulos et al., 2011; Shi et al., 2021). These user-generated digital footprints offer a high-resolution 

perspective on urban experiences that traditional stationary physical sensors cannot fully 

encapsulate (Son & Thill, 2018). By leveraging decentralized platforms such as Twitter and Quora, 

researchers can identify emerging environmental concerns and public health anxieties with 

unprecedented temporal sensitivity (Hong et al., 2022). This approach effectively transforms city 

residents into a distributed sensor network, providing unsolicited insights into the changing 

priorities of metropolitan populations (Epifantsev et al., 2024). Such crowd-sourced data sources 

are increasingly vital for urban planners seeking to align infrastructure retrofitting with the actual 

subjective needs and perceptions of the public (Hong et al., 2022). 

 

The COVID-19 pandemic acted as a unique and profound temporal shock that significantly 

heightened public awareness regarding indoor air quality and environmental safety (Rashid & 

Wang, 2021; Rousseau & Deschacht, 2020). During the acute phases of the crisis, social media 

platforms served as essential channels for individuals to report their localized observations and 

health experiences (Rashid & Wang, 2021). This period also saw a noticeable shift in public 

interest toward environmental health and nature-related topics as lockdown measures restricted 

movement and emphasized the value of ventilated spaces (Rousseau & Deschacht, 2020). 

Furthermore, the urgency of the health emergency catalyzed a qualitative change in how residents 

perceive the resilience and safety of their local indoor environments (Hong et al., 2022). This 

evolving public sentiment provides a critical research window for studying the long-term impact 

of the pandemic on urban infrastructure expectations (Bertram & Rehdanz, 2015; Samuelsson et 

al., 2018). 

 

The advent of Large Language Models (LLMs) has revolutionized the capacity of natural language 

processing (NLP) to handle the complex, unstructured social sentiment inherent in urban data 

(Jiang et al., 2025; Li et al., 2025). Transformer-based architectures, such as BERT, enable the 

automated extraction of nuanced semantic patterns and sentiment from massive collections of 

citizen feedback (Devlin et al., 2019; Ho et al., 2024). These models significantly outperform 

traditional machine learning techniques by effectively capturing long-range dependencies and 

bidirectional context in human expression (Zhang et al., 2024). In the context of urban informatics, 

LLMs facilitate the integration of disparate textual data sources to provide a richer, more 

actionable understanding of public opinion (Jiang et al., 2025). By automating the coding of 

qualitative sentiment at scale, these advanced AI systems empower urban policymakers to derive 

evidence-based insights for city-wide interventions (Ho et al., 2024). 

 

Human perception of indoor health frequently diverges from objective environmental engineering 

standards, necessitating a more holistic approach to resident well-being (ASHRAE, 2025; Dengel, 
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2024). Subjective feelings of safety and comfort are influenced by complex interactions between 

ventilation, lighting, and acoustic parameters within the built environment (Hernandez-Martin et 

al., 2025). While established frameworks like the WELL Building Standard provide a roadmap for 

healthy spaces, the actual lived experience of occupants is often overlooked in building retrofits 

(Perera et al., 2025). Poor indoor air quality has been directly linked to neurological outcomes such 

as reduced productivity and impaired cognitive function in workplace settings (Morawska et al., 

2021). Ensuring that building retrofits satisfy both physical health metrics and psychological 

human perceptions of safety is therefore a critical frontier for resilient urban development 

(ASHRAE, 2025). 

 

Current research methodologies for assessing urban health often rely on traditional simulations 

that fail to capture the fine-grained spatial-temporal dynamics of public sentiment (Bertrand et al., 

2013). In New York City, health vulnerabilities were deeply intertwined with the spatial 

arrangement of critical infrastructure and socio-demographic factors (Kawlra & Sakamoto, 2023; 

Li & Huang, 2023). While periodic public polls offer some insight into regional satisfaction, they 

typically lack the geolocation granularity needed for targeted neighborhood-level interventions 

(Regional Plan Association, 2021). Furthermore, many existing studies emphasize socio-economic 

vulnerability without integrating the real-time human feedback identifying emerging building-

level environmental concerns (Lamb et al., 2021). This methodological gap limits the ability of 

city administrators to implement targeted retrofit policies responding to the localized anxieties of 

New Yorkers regarding their indoor environments (Li & Huang, 2023). 

 

Recent scholarship at the intersection of social sensing and performance-driven design suggests 

that user-generated text can be connected not only to public-health interpretation but also to city-

scale building analytics, digital twins, adaptive urban governance, and environmental 

sustainability decision-making (Abbasabadi & Ashayeri, 2017; Abbasabadi & Ashayeri, 2024a, 

2024b, 2024d, 2024e; Abbasabadi & Ashayeri, Eds., 2024). Studies linking social media to urban 

energy behavior and energy justice further show that such public data can reveal otherwise hidden 

patterns in building experience, vulnerability, and infrastructure performance (Abbasabadi & 

Ashayeri, 2024c, 2025; Ashayeri & Abbasabadi, 2024b). 

 

This research objectives to address these critical gaps by quantifying the spatial-temporal shifts in 

public sentiment regarding indoor environmental quality in New York City. By applying fine-

tuned Large Language Models to a comprehensive dataset of geolocated social media posts, the 

study seeks to map the evolution of public awareness from the onset of the pandemic to the current 

post-pandemic phase. The ultimate goal is to delineate a series of data-driven policy 

recommendations for building retrofits that align technical ventilation standards with human 

perceptions of safety. Through this systematic integration of social sensing and urban informatics, 

the research contributes to the development of more resilient, health-centric urban planning 

frameworks that prioritize the subjective well-being of the urban populace. 

 

 

2- Materials and Methods 

 

We assembled a longitudinal corpus of 1,500 geotagged tweets posted between 1 January 2013 

and 31 December 2023 that explicitly referenced indoor ventilation in New York City. Tweets 
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were identified through a keyword-based search strategy using ventilation-related terms such 

as ventilation, airflow, air exchange, and air filtration, and were retained only when geolocation 

metadata placed the post within the five boroughs of New York City. Retweets, exact duplicates, 

non-English posts, and tweets lacking interpretable textual content were excluded. Because 

geotagged Twitter data are known to reflect important demographic and behavioral biases, the 

resulting dataset was treated as a geographically bounded sample of public discourse rather than a 

representative measure of the broader population (Pavalanathan et al., 2015). 

 

After collection, the tweets were preprocessed to prepare them for supervised text classification. 

URLs, usernames, and duplicated whitespace were normalized, while hashtags and punctuation 

were retained when they contributed semantic meaning. A manual relevance screening step was 

then applied to ensure that the final corpus captured explicit discussion of indoor ventilation rather 

than unrelated references to weather, outdoor conditions, or general building maintenance. The 

cleaned dataset was then organized for model development using stratified training, validation, 

and test splits so that class proportions were preserved across partitions. 

 

For automated analysis, we fine-tuned RoBERTa, a robustly optimized transformer-based 

language model designed for improved performance on downstream natural language 

understanding tasks (Liu et al., 2019). RoBERTa was selected because its pretraining design 

improves on earlier BERT-style implementations and has demonstrated strong classification 

performance across short-text tasks. The model was trained to identify and classify ventilation-

related discourse within the corpus, and performance was evaluated on the held-out test set using 

standard classification metrics, including precision, recall, and F1-score. Misclassified tweets were 

subsequently reviewed to identify recurrent sources of ambiguity, including sarcasm, abbreviated 

building references, and indirect mentions of indoor air conditions. 

 

Methodologically, the present workflow is also consistent with recent NLP-based studies that 

decode indoor health perception and indoor air quality concerns from social media, as well as 

transformer-based analyses of equity and energy discourse in urban buildings (Ashayeri, 2024; 

Ashayeri, Piri, & Abbasabadi, 2024; Ashayeri & Abbasabadi, 2024b). The broader modeling 

logic also aligns with integrated urban energy and exposure frameworks and data-driven urban 

energy use modeling approaches that combine heterogeneous environmental and behavioral 

signals to improve urban inference (Abbasabadi et al., 2019; Abbasabadi & Ashayeri, 2019; 

Ashayeri & Abbasabadi, 2022; Ashayeri et al., 2021). 

 

 

3- Results and Discussion 

 

As shown in Figure 1, ventilation-related tweet activity was very limited before 2018, then 

increased sharply from 2019 onward, with the strongest concentration in 2020. Negative sentiment 

rose from 33 tweets in 2019 to 92 in 2020, before declining to 68 in 2021, 54 in 2022, and 10 in 

2023. Positive sentiment also increased substantially, peaking earlier at 71 tweets in 2019, then 

dropping to 26 in 2020 and stabilizing at lower but still elevated levels in 2021–2022. This pattern 

suggests that public discussion of indoor ventilation intensified during the COVID-19 period, 

when airborne transmission and the role of ventilation became central public-health concerns. The 

prominence of both positive and negative sentiment is consistent with the broader literature 
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showing that the pandemic reframed ventilation from a technical building issue into a visible 

public-health issue tied to risk, mitigation, and trust in indoor environments (Morawska et al., 

2021; Morawska et al., 2024). 

 

 
Figure 1. Annual distribution of RoBERTa-classified sentiment in ventilation-related tweets in New York 

City, 2013–2023. 

 

The borough-level distribution in Figure 2 indicates that Manhattan dominated the discourse 

during the high-activity years, especially in 2019–2022. Negative tweets from Manhattan 

reached 50 in 2020, 51 in 2021, and 45 in 2022, while positive tweets were especially high in 2019 

(67) before decreasing to 11 in 2020, then rebounding modestly in 2021 (23) and 2022 (27). 

Brooklyn showed the next most sustained activity, particularly for negative sentiment in 2020 (24), 

whereas Queens contributed more modest but consistent counts across both sentiment classes. The 

concentration in Manhattan likely reflects the borough’s dense mix of offices, transit nodes, 

commercial buildings, and public venues, where ventilation concerns would be more salient during 

and after the pandemic. At the same time, these spatial patterns should be interpreted carefully 

because geotagged Twitter data are not demographically or behaviorally representative of the 

wider population, and location-enabled users may systematically differ from other users 

(Pavalanathan & Eisenstein, 2015). 

 

 
Figure 2. Spatial and temporal variation in RoBERTa-classified sentiment across New York City boroughs, 

2013–2023. 

 

Figure 3 shows that the RoBERTa model’s average confidence remained fairly stable across years, 

mostly clustering around 0.65–0.80, with a peak of 0.8651 for positive sentiment in 2017. During 

the core pandemic and post-pandemic years, confidence scores were notably consistent: for 

example, negative sentiment ranged from 0.6984 to 0.7598 between 2019 and 2023, while positive 

sentiment ranged from 0.6416 to 0.7103 over the same period. This stability suggests that the 

classifier performed reasonably consistently even as tweet volume changed substantially. 

However, years with very small counts, especially the early part of the series, should be treated 

more cautiously because isolated observations can inflate or distort yearly averages. 
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Figure 3. Average annual RoBERTa classification confidence for ventilation-related tweets in New York 

City boroughs, 2013–2023. 

 

Taken together, the three figures suggest that public discussion of ventilation in New York City 

was not evenly distributed across time or space. Instead, it was concentrated in the pandemic era 

and especially in Manhattan, with negative sentiment persisting longer than positive sentiment 

after the 2020 peak. One plausible interpretation is that early positive discourse reflected optimism 

about ventilation as a protective intervention, whereas later negative discourse captured frustration 

over implementation gaps, uneven building conditions, or continued concern about indoor air risks. 

This interpretation aligns with post-pandemic literature arguing that ventilation became a lasting 

component of healthy-building discourse rather than a temporary emergency topic (Morawska et 

al., 2024). Even so, the findings are best read as an indicator of place-based online discourse rather 

than a direct measure of borough-wide public opinion. The Manhattan-centered clustering 

observed here is also compatible with research showing that social-media-derived signals can 

capture uneven urban burdens and place-specific dimensions of energy justice in New York City 

buildings (Ashayeri & Abbasabadi, 2024b).  

 

 

4. Future Research Directions 

 

Future work should move beyond sentiment monitoring alone by integrating social sensing with 

performance-driven design and urban building energy modeling pipelines. Recent studies suggest 

strong opportunities to connect public discourse with digital twins, machine learning for urban 

building energy modeling, occupant-driven control strategies, and social-sensing-informed 

forecasting of urban energy behavior (Abbasabadi & Ashayeri, 2024b, 2024c, 2024d, 2024e, 

2025). Such integration could help planners evaluate whether online concern about ventilation, 

exposure, or equity aligns with simulated building performance, neighborhood energy demand, or 

other measurable environmental indicators. 

 

A second priority is to couple geolocated sentiment with richer spatial and design variables. 

Integrated energy-exposure models, PM2.5 prediction frameworks, microclimate-aware urban 

building energy modeling, and review work on simulation-to-reality gaps all indicate that future 

urban-health studies should link social-media signals to outdoor exposure, neighborhood 

morphology, and building-envelope dynamics (Ashayeri & Abbasabadi, 2022; Ashayeri et al., 

2021; Worthy et al., 2025a, 2025b). In parallel, context-sensitive solar design and kinetic-facade 

optimization studies suggest that responsive building systems could eventually be evaluated not 

only for energy and daylight performance but also for their perceived health and comfort value in 

public discourse (Kamalisarvestani et al., 2023; Luitjohan et al., 2022). Extending the analysis to 

socioeconomic determinants of public health and residential energy use, and to community 
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resilience during health emergencies, would further strengthen the policy relevance of this line of 

research (Abbasabadi & Ashayeri, 2021; Ashayeri & Abbasabadi, 2021). 

 

 

5. Conclusion 

 

This study shows that ventilation-related discourse on Twitter in New York City was highly 

concentrated in the pandemic and immediate post-pandemic period, with the most substantial 

activity occurring between 2019 and 2022. The results indicate that Manhattan was the principal 

center of discussion and that negative sentiment remained more persistent than positive sentiment 

after the initial surge of attention. Together, these patterns suggest that indoor ventilation became 

an enduring urban public-health concern rather than a short-lived reaction to COVID-19, reflecting 

broader shifts in how indoor air quality is understood in public and policy discourse. At the same 

time, the findings should be interpreted with caution because geotagged X data capture a selective 

segment of users rather than the general population. Even with this limitation, the analysis 

demonstrates the value of combining geolocated social media with transformer-based sentiment 

classification to trace how health-related environmental concerns evolve across time and place. 

Future research could extend this work by integrating additional platforms, linking discourse 

patterns to specific policy or outbreak events, and comparing online sentiment with measured 

building or neighborhood-level ventilation conditions. 
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