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Abstract. Prevention of building-related illnesses and improving indoor air qual-

ity has become an emerging research area not only because of the comfort of 

workers in an office or the quality of the perceived air, but also because it can 

provide financial benefits to both employees and employers through a potential 

reduction in prolonged sick leaves. Therefore, building facility managers attempt 

to achieve the most comfortable and healthy environment conditions for the of-

fice workers. However, the parameters associated with achieved comfort vary 

from person to person as workers` preferences, as well physiological character-

istics, are heterogeneous. In the ideal case, the indoor health parameters should 

be personalized based on individuals` feedback. This paper presents a computa-

tional framework for personalization of environmental parameters based on lim-

ited office workers’ feedback. We propose that by using current state of the art 

machine learning methods it is possible to learn the preference model of individ-

uals, by employing both the limited feedback and the relevant literature on health-

related symptoms. The framework is explained and discussed in a potential ex-

ample scenario. Evaluation based on real data is left as a future work.  

Keywords: Personalization, Building-related symptoms, Indoor health parame-

ters, Building Information Modelling, Office building, Worker preference 

1 Introduction 

People in developed countries spend most of their time indoors [1,2]. Therefore, the 

quality of indoor environment parameters such as temperature, humidity, lighting, noise 

level and even chemical contaminants can affect a person`s health and productivity, 

especially during the worktime activity [3]. A few studies have pointed that the trending 

emphasis on transforming building technology primarily for energy savings may trigger 

inaccuracy and depreciation in Indoor Air Quality (IAQ) [4]. On the other hand, IAQ 

is defined in the terms of the reduction in building-related health problems, and increase 

in the occupants’ satisfaction level of comfort [5]. Based on the World Health Organi-

zation report, a group of building health-related symptoms, which are mostly well-

known such as nose, eye and throat irritation; sensation of dry mucous membrane; 



headache and mental fatigue and etc. can be characterized as Building Related Symp-

toms (BRS) [3].  

 

In parallel with the focus on indoor air quality, nowadays, modular and distributed 

office facilities are becoming popular, with the aim to eliminate the problems of meg-

alopolises such as traffic congestion, accessibility, and to increase the energy savings 

[6]. Furthermore, modular offices can be located in different accessible points and even 

as home offices. The occupants are often given the ability to control the physical envi-

ronmental parameters such as Heating Ventilation and Air-Conditioning (HVAC) and 

lighting in the modular offices [7]. However, it may also be desirable that the HVAC 

and other technical systems adjust themselves based on the occupant preferences as 

there is the individual difference in people susceptibility in feelings and perceived ther-

mal comfort [8]. Hence, there is a need to train a system with appropriate user feedback 

data complemented with knowledge in literature, to identify user preferences for 

providing the most comfortable environmental condition as and when needed. In this 

respect, the research question can be formulated as: “How to learn and personalize the 

indoor health parameters based on the office workers’ feedback?”. The first step to re-

solve research question is to anticipate the situations when users feel uncomfortable 

during work time with the aid of feedback. In this respect, a review of the health-related 

symptoms and associated indoor parameters provides the proposed framework with the 

complementary knowledge. The second step is to employ suitable mathematical models 

for learning, based on the literature knowledge as well as the targeted data sources. The 

proposed mathematical model and the initial solution are presented in Section Three, 

with a high-level architecture for BIM integration with the aim to automate the process 

of data collection and analysis. In Section Four, a potential use case example before the 

conclusions, is introduced. 

2 Comfort and Health-Related Parameters  

The previous studies [9, 10] categorized the factors threatening the comfort or even 

health of human into three main groups:  

• BRS: nonspecific symptoms with unknown cause. 

• Comfort complaints: inconveniences about the environmental situation such as ther-

mal, noise or malodor complaints.  

• Building-related illnesses or building related diseases include health problems be-

cause of pollutants and contaminants coming from outdoor air and building materi-

als.  

This categorization aids to extract and classify the contributing indoor health problems 

parameters in office buildings, as shown in Fig. 1.   



 

Fig. 1. Categorization of indoor health problem sources. 

The first step in the personalization of parameters is to identify the factors that are 

associated with the user feedback. There are two types of questions in the questionnaire 

including IAQ factors and perceived health-related symptoms. Answer to IAQ factor 

questions provides clear knowledge about the user preferences and do not need addi-

tional processes for knowledge elicitation and formulation. An oversimplified scenario 

can be if the user feels too cold or dryness of the air, the temperature and humidity 

should be regularized somehow until the uncomfortable feelings are resolved. On the 

contrary, the relation between building-related symptom and associated parameters 

needs more complicated processes to achieve the user preference knowledge. Next sec-

tion explains how we aim to formulate this problem, and the initial solution is intro-

duced. However, in this section, the association type between building-related symp-

toms and parameters measurable in research laboratories are discussed. These associa-

tions provide the basis to design the prediction model, building on the existing 

knowledge in the literature, as shown in Table 1. 

 

Table 1. Health-related symptoms and associated (type) measurable parameters 

Measurable pa-

rameter 

Associated symptoms (posi-

tive+/negative-/not clear) 
Reference(s) 

Temperature 

• Nasal and skin symptoms(-) 

• Fatigue(+) 

• Sleepiness(+) 

[11-13] 

Humidity • Skin and nasal dryness(-) 

• Eye irritation(-) 
[12,14,15] 



Lighting 

• Eyestrain 

• Fatigue(-) 

• Headache(+) 

• Dizziness(-) 

[16,17] 

CO2 
• Skin and eye irritation(+) 

• Tiredness(+) 

• Difficulty in concentration(-) 

[13,18] 

TVOC • Sensory irritation(+) 

• Asthma symptoms(+) 
[18-20] 

NOx • Respiratory symptoms(+) 

• Asthma(+) 
   [21-22] 

Radon • Lung cancer(+) [23] 

Noise level 

• Headache(+) 

• Fatigue(+) 

• Hypertension 

• Aggression(+) 

        [24-25] 

Stress level 
• Anxiety(+) 

• Fatigue(+) 

• Eye irritation(+) 

[26,27] 

Posture • Connective tissues of tendons 

• Joint capsules and ligaments 
[28,29] 

3 Personalization Framework 

The goal of this conceptual framework is to predict a measure of comfort preference 

for each individual worker based on personalized feedback and literature knowledge on 

known health problems and related associations. There are two key points that make 

this problem challenging. First, the heterogeneous nature of preference makes the pre-

diction problem ungeneralizable to all individuals. In other words, one worker’s feed-

back cannot directly be employed to improve the prediction for another worker. This is 

an important challenge as it is only possible to collect limited feedback from each 

worker, compared to the impersonalized case where a huge number of feedback, from 

the sum of all workers, is available. Second, the knowledge available in the literature, 

i.e. health problems and associations such as those gathered in Table 1, is sparse and 

unorganized, and it would be difficult and cumbersome to formulate it in the prediction 

problem. In the following subsections, we formally introduce and review these chal-



lenges and available solutions from the machine learning point of view. We then pro-

pose how to employ the state of the art prediction models for the preference personali-

zation and we explicate it with an example in Section 4.  

3.1 Machine Learning Challenge   

In many practical prediction applications, the input data with known target values, 

i.e., the training data, is significantly fewer than the number of attributes representing 

the data. In some cases, the number of data can be more than the attributes, but still, the 

training data may only cover some particular aspects of the search space, which would 

be equivalent to only having few effective training data. This can, in particular, happen 

in personalized systems where the feedback is limited or only few sets of configurations 

can be tried out. The limited effective training data poses constraints about how accu-

rate the predictions can be [30]. Furthermore, many powerful machine learning meth-

ods, like deep neural networks, cannot be applied in this setup since they require huge 

amount of data. The dominant solution for these problems is to regularize the prediction 

model to constrain the search space and to avoid overfitting to training data.  

 
A parallel fruitful direction to improve these types of prediction problems is to em-

ploy alternative available sources of information, other than training data, in the pre-

diction. In many problems, prior information about the prediction task is available 

through experts or relevant literature. Prior elicitation is the process of extracting the 

available knowledge and employing them in the prediction task [31]. This is usually 

done by having a data scientist or statistician interviewing the field experts and then 

enforcing this knowledge on the parameters of the prediction model [31]. However, the 

classical prior elicitation methods are expensive and would require many iterations be-

tween the experts in the field and experts in the modeling. Recent works have proposed 

prior elicitation methods that remove the link between the data scientist and the field 

expert and directly put the expert in the prediction loop. This has become possible by 

defining intuitive ways for the experts to input their knowledge (priors) about the prob-

lem in a Bayesian prediction model. For example, [32] ask the experts to provide infor-

mation about whether an attribute is relevant in a highly regularized prediction task or 

not, or to provide a value as their estimate of the regression coefficient. [33] ask about 

pairwise similarity feedback on different attributes, [34] about the direction of rele-

vance (positive or negative), and [35] about the probability of an attribute being rele-

vant. All these methods also investigate applications where there are only few training 

data sets available. We believe these approaches can also be employed in our personal-

ized comfort prediction problem because different associations between attributes and 

the target variable (see Table 1) is known in our task.  

 

In particular, [32] proposes a Bayesian sparse linear regression as the modeling so-

lution to handle the limited training data problem. In their model, it is possible to intu-

itively add external knowledge about the relevance of attributes. We believe that this 

would be a proper fit for our personalized preference prediction problem. To use it, 

first, we need to gather the necessary data including the vector of attributes (here for 



example sensory measurements about the work environment and personal information 

like age and sex or any other related information) and the corresponding target values 

(for example personalized feedback about symptoms). Indeed, it is impossible to bother 

the user for a large number of feedbacks, and therefore, the number of data is always 

small. This is the ideal case for that method since in nature it assumes that the number 

of data is even less than the number of attributes.  

This model is able to handle limited feedback challenge. However, we would still 

need to add the literature knowledge (Table 1) into the problem at hand. To do this, we 

can use the modeling solution in [34] (an extension of [32]) and consider the following 

types of literature knowledge: 

• Knowledge about the relevance of the attribute for the considered prediction task.  

• Knowledge about the direction of association (positive or negative) of the attributes 

to the target variable. 

Given these two types of knowledge for the available attributes and the limited avail-

able data from individual feedback, [34] showed that it is possible to improve the ac-

curacy of the prediction.  Section 4 demonstrates how this approach can be used in an 

example scenario. 

3.2 BIM Integration 

 

The main aim of this study is to introduce a conceptual solution for personalization 

of the indoor health parameters based on the worker`s preference. The building 

residents are considered as one of the building consituents in the context of facility 

management. Hence, the resident behavior can be modelled in BIM. Consequently, 

worker`s preferences can be modeled and analyzed in building an information system 

for more efficient knowledge creation. In this respect, the required technical infrastruc-

ture should be provided for heterogeneous data collection and aggregation, data analy-

sis and visualization, and knowledge creation. In addition to knowledge about the peo-

ple preferences, the proposed framework is able to create the knowledge related to fa-

cility management utilizing the collected sensory data to make informed decisions 

about the health risks of the occupants. Through Internet of Things (IoT) communica-

tion, an infrastructure is developed where the sensor data and user feedback can be 

collected, and the generated knowledge can be applied for system behavior improve-

ment [36]. BIM can play a vital role in automation and visualization of information for 

the built facility, and consequently, closing the information gap to provide comfort for 

building occupants, as shown in Fig. 2. From technical point of view, a service oriented 

architecture is developed, which each service oversees a module e.g. data aggregator 

and visualizer, in order to fulfil the technical requirements of the proposed framework. 

In data acquisition level, different streams of data are collected in related databases. In 

prototype level, the NoSQL database such as MongoDB1 is preferred based on the vol-

                                                           
1 https://www.mongodb.com/ 



ume and complexity of data. Data aggregator module will generate a timewise synchro-

nized matrix out of data views in database. The machine learning service analyses the 

generated matrix which contains user feedback on collected psychological and envi-

ronmental data to predict personalized model for each user. Trimble Connect2 BIM 

engine is utilized to provide a knowledge base and data visualizer which can be used 

by the stakeholders to exploit of generated model and knowledge.          

The proposed technical framework is able to aid facility managers in making deci-

sions about building facilities based on the on knowledge created within the data anal-

ysis process e.g. the VOC data analysis can assist facility manager to identify mold 

growth in a building. In addition, the framework is able to provide the worker with a 

real-time warning about the inappropriate situation at work e.g. inconvenient posture 

of sitting.   

 

Fig. 2. The high level architecture of information flow 

4 Use Case Scenario  

In order to better understand and validate the proposed solution, a potential example 

scenario is provided in this section. This example describes how the algorithm works 

for personalization of all measurable parameters with respect to the worker feedback. 

Assume that we want to have a prediction system that would estimate the level of fa-

tigue, i.e. subjective feeling of tiredness, for each individual worker in the building. The 

first step is to consider a list of attributes that may contribute to fatigue. These attributes 

can include both the sensory measurements about the environment (such as outdoor and 

office temperature, humidity, CO2 level, TVOC, NOx, Radon level and other measur-

able parameters listed in Table 1, and time and weather attributes such as time of the 

day, season, weather condition, and so on), and the personal level attributes (such as 

age, gender, health status, allergic disease, respiratory illnesses, smoking status). In the 

                                                           
2 https://connect.trimble.com/ 



training phase, we ask about personal feedback of individual workers on their level of 

fatigue at different intervals. The feedback can be provided in a discretized preference 

scale such as Likert-type scale (1-5). Each feedback value along with the values of the 

corresponding attributes create one instance of the training data. Along with the gath-

ered training data, we include the known associations between the attributes and the 

target variable (fatigue) in the Bayesian model of [34]. For example, we add the direc-

tional knowledge about stress level, CO2, lighting, and temperature to the model (e.g., 

it is known that CO2 has a positive association with fatigue). The model uses both the 

training data and the knowledge to learn the best prediction solution. After the training, 

the model can be used to estimate the level of fatigue of that worker at any time. This 

knowledge can be employed to find the most pleasant attribute ranges for that worker. 

Fig. 3 depicts this scenario where the worker provides feedback about his or her 

fatigue level in 3 intervals. These few data along with the association knowledge in the 

literature will feed the machine learning algorithm to learn the personalized fatigue 

prediction model.  

 

Fig. 3. Combining limited feedback from an individual worker with the available literature 

knowledge to achieve an accurate personalized prediction model. 

5 Conclusion 

Personalization in different domains is growing as people are looking for more cus-

tomized solutions. Based on this preference, the expectations for the personalized in-

door environment is not an exception either. In this respect, the purpose of this paper is 

to provide a technical framework to predict the measure of comfort preference for each 

individual worker based on personalized feedback and literature knowledge on known 

health problems and associations. The machine learning challenges are discussed in 



order to highlight the importance of the study. Subsequently, literature has been inves-

tigated to identify the prior knowledge about prediction models, and an example sce-

nario is proposed to support the feasibility of the personalization model. A BIM-

integrated technical solution is discussed for automating data aggregation and closing 

the information flow gap in built facilities.  

 

Indoor health and well-being related parameters can affect employees’ productivity 

during work time. So, it would be beneficial for employers to have healthier work en-

vironments to provide greater comfort for each individual worker, because different 

people may fall sick in different conditions based on their physiological attributes. Per-

sonalized indoor environmental conditions can potentially enhance productivity and 

reduce sick leaves. The objective of the proposed framework is to overcome the afore-

mentioned challenges and the developed system according to this framework will be 

evaluated with real data in further studies. 
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