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Abstract 

The physical condition of a person’s home plays a large role in that person’s overall quality 
of life. This paper attempts to measure housing quality through a standardized index and 
determine factors, such as social groups and economic characteristics, that impact living 
conditions. Specifically, we focus on disparities based on ownership status, comparing 
renters and owners. Using data collected by the New York City Housing and Vacancy 
Survey, we analyze relevant factors, such as location, house value, and demographic 
information, and how the impact of these factors on the housing index changes over time. 
We first conclude that renters and owners do in fact face different levels of housing quality. 
We also point out that some factors become more detrimental to housing quality over time 
while others become beneficial. We recommend further investigation into these housing 
quality disparities to inform policies that improve quality of life in New York City.   
 
Key Words: housing quality index, “broken window” theory, ownership status, factors 
explaining housing disparities, principal component analysis 
 

1. Introduction 

 
To some observers, houses with cracked walls and broken windows are simply eyesores 
for the neighborhood, but the impact on residents goes beyond just outward cosmetic looks. 
It has been shown that housing conditions impact the quality of life for residents through 
different factors such as health, mood, and self-esteem1. Indeed, living in cold housing can 
cause health issues2 as well as living in damp housing can be the reason for respiratory 
diseases3. Furthermore, it has been reported that poor housing conditions can produce 
depression4 and can have a negative social impact5. Therefore, identifying differences in 
housing quality across citizens of a large city such as New York can provide beneficial 
insight into finding solutions to issues that communities face. To do so, we created a 
housing quality index which we then used to identify drivers of differences in housing 
quality across communities using data from the New York City Housing and Vacancy 
Survey. 
 

We first defined several questions which we then attempted to answer. Our city of interest, 
New York City, faces many challenges related to high levels of poverty, crime, and 
homelessness. Despite its decrease, the share of New York City population living at or near 
the poverty rate is 43.1%6. On top of that, in 2016, more than 59,000 property crimes took 
place in New York City, making it one of the cities with the highest property crime rate7. 
Finally, homelessness levels have recently been on the rise: it has been reported that more 
than 63,000 people have slept in New York City shelters in February 20198.  
 
The city is known for its “broken windows” policing policy, where the city police inferred 
that little issues such as broken windows provide an environment prone to crime. This 
policy suggests that lower levels of housing quality are directly linked to higher levels of 
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crime9. Thus, our main goal was to understand what factored into housing quality so that 
we could give recommendations to improve living conditions in New York City. 
 
Our first task was to create an index that characterizes an individual building’s overall 
condition. Due to the large number of variables related to the building conditions in our 
data set, we had to summarize and combine multiple building variables into one value for 
each observation, while maintaining as much original detail as possible. We then used 
principal component analysis to create our index. 
 
Second, we focused on the differences in building conditions depending on the ownership 
status using nonparametric statistical tests. We hypothesized that ownership status does in 
fact have an impact on housing quality.  
 
Finally, we tried to understand other relevant variables which impact housing quality. Most 
importantly, we tested to see if certain factors affect renters and owners in different ways. 
We also tracked the changes in the importance of certain predictors over time. 
 

2. Data 

 

The data that we use comes from the New York City Housing and Vacancy Survey 
(NYCHVS)10 which contains survey results of the New York City housing stock and 
population from 1991 to 2017, collected every three years. The surveys, sponsored by the 
New York City Department of Housing Preservation and Development (HPD), are 
representative of housing across all boroughs within New York City. The dataset contains 
roughly 200 variables and 10,000 unique buildings per year. The data reflects New York’s 
size and diversity and encompasses a wide range of responses designed to capture detailed 
information about each location. The dataset contains surveys for 10 years between 1991 
to 2017. The exact number of variables and observations differ between years, but they are 
mostly similar over the data collection period. 
 
Before analyzing the dataset, we were forced to remove several unusable variables and 
recode other variables. In the end, we removed 34.57% of our data going from 156,230 to 
102,218 observations, while keeping 31 variables. The subsequent analysis was conducted 
in RStudio. 
 

3. Methods 

 

3.1 Creating a Housing Quality Index 

 
To create our Housing Quality Index (HQI), we first identified variables related to housing 
quality which we wanted to include in our index. 
 
Variables included in the HQI: Wall Severity, Window Severity, Stairway Severity, Floor 

Severity, Building Condition, Toilet Breakdowns, Kitchen Functioning, Mice and Rats, 

Cracks in Walls, Holes in Floors, Broken Plaster, Water Leakage 
 
We created a subset of the data with all variables related to the housing conditions with 
binary variables for each condition. We wanted to keep the differences between the 
commonality of certain issues, i.e. we did not want some conditions to be weighted the 
same if they were not as common as others. In other words, for two households with the 
same number of issues, the one that faces fewer common issues would have a worse HQI. 
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We chose to use principal component analysis (PCA) to reduce the dimensionality of the 
housing conditions, described by the aforementioned variables, into one index. To get the 
value, the features are weighted depending on how much new information they add: if they 
bring little additional information, or in other words, they have low variance, they will have 
a low impact on the final value. While the method is an efficient way to create an index, it 
is not easy to interpret. Therefore, in our analysis, for a given household, we cannot 
determine whether a high index value is due to having many issues or only heavily 
weighted issues. We can only use this measure as a comparison between houses. Our initial 
values ranged from -0.403 to 2.935. To standardize these values, we scaled them from 0 to 
10, with a value of 0 representing no issues and a value of 10 corresponding to a household 
where all possible issues have been reported.  
 
3.2 Comparing housing quality distributions between owners and renters 

 
To test whether or not the HQI distributions for owners and renters are the same, we used 
a nonparametric test, the Mann-Whitney Test. This allowed us to keep the logarithmic 
distributions of the HQI. In this test, the test statistic will be equal to the number of pairs 
(𝑥𝑖, 𝑦𝑗) where 𝑥𝑖 < 𝑦𝑗 and where 𝑥𝑖 belongs to the set of the renter HQIs and 𝑦𝑗  belongs to 
the set of owner HQIs. For this test, our null hypothesis was the following: 
 

𝐻0: 𝐹𝑟𝑒𝑛𝑡𝑒𝑟𝑠 = 𝐹𝑜𝑤𝑛𝑒𝑟𝑠 
 
where Frenters is the distribution of the housing quality index for renters and Fowners is that of 
the owners. Our alternative hypothesis was the following: 
 

𝐻0: 𝐹𝑟𝑒𝑛𝑡𝑒𝑟𝑠 ≤ 𝐹𝑜𝑤𝑛𝑒𝑟𝑠 for all 𝑥 
 
with a strict inequality for at least one. This implies that the values of the index for the 
renters are larger than for the owners. 
 
3.3 Determining other relevant factors 

 

We wanted to determine relevant factors that impacted housing quality besides ownership 
status. We first made several visualizations to try and identify potential factors. We then 
created a linear regression model with HQI as the response variable to test whether or not 
these other factors were significantly associated with housing quality. 
 
Thus, the linear regression model was the following: 
 
𝐻𝑄𝐼 =  𝛽0 + 𝛽1𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝑆𝑒𝑥 + 𝛽2𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝐴𝑔𝑒 +
𝛽3𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐𝑂𝑟𝑖𝑔𝑖𝑛 + 𝛽4𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑂𝑓𝑆𝑡𝑎𝑦 + 𝛽5𝑁𝑢𝑚𝑏𝑒𝑟𝑂𝑓𝑈𝑛𝑖𝑡𝑠 +
𝛽6𝑂𝑤𝑛𝑒𝑟𝐼𝑛𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 + 𝛽7𝑁𝑢𝑚𝑏𝑒𝑟𝑂𝑓𝑆𝑡𝑜𝑟𝑖𝑒𝑠 + 𝛽8𝑁𝑢𝑚𝑏𝑒𝑟𝑂𝑓𝑅𝑜𝑜𝑚𝑠 +
𝛽9𝑃𝑙𝑢𝑚𝑏𝑖𝑛𝑔𝐹𝑎𝑐𝑖𝑙𝑖𝑡𝑖𝑒𝑠 + 𝛽10𝐾𝑖𝑡𝑐ℎ𝑒𝑛𝐹𝑎𝑐𝑖𝑙𝑖𝑡𝑖𝑒𝑠 + 𝛽11𝐿𝑒𝑛𝑔𝑡ℎ𝑂𝑓𝐿𝑒𝑎𝑠𝑒 +
𝛽12𝑅𝑒𝑠𝑖𝑑𝑒𝑛𝑡𝑅𝑎𝑡𝑖𝑛𝑔 + 𝛽13𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝐼𝑛𝑐𝑜𝑚𝑒 + 𝛽14𝑌𝑒𝑎𝑟 + 𝛽15𝐵𝑜𝑟𝑜𝑢𝑔ℎ +
𝛽16𝑁𝑢𝑚𝑏𝑒𝑟𝑂𝑓𝑃𝑒𝑜𝑝𝑙𝑒 + 𝛽17𝑆𝑡𝑎𝑡𝑢𝑠  
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3.4 Testing the impact of ownership status on housing quality 

 
To test the significance of ownership status on different factors, we created a linear 
regression model with the HQI as the response variable for each status, i.e. one linear 
regression for owners and one for renters. With those two models, we were able to compare 
the coefficient of the different factors between the two ownership statuses. In order to 
determine if the differences were significant, we also used a linear regression with the 
entire dataset where the housing condition index was the response variable, but this time, 
we added the status as an interaction term. 
 
We computed the difference between the coefficients of the regression for the renters and 
the regression for the owners so that we could understand for what type of ownership 
certain predictors were detrimental or beneficial. We also calculated the percentage that 
the difference represents compared to the value of the coefficient for the renters.  
 
3.5 Understanding changing importance of factors over time 

 

One of our main goals was to track how the importance of the predictors evolved over the 
years. Since the number of predictors is quite large, we decided to compare the predictors 
that were significant in all the years. To do so, we first conducted a linear regression for 
each year in the dataset, where the HQI was the response variable. After this initial step, 
we conducted a linear regression similar to the first one we did, but this time, we added the 
year variable as an interaction term on all other variables.  
 

4. Results and Discussion 

 

4.1 Creating the Housing Quality Index 

 

The HQI generated meaningful insight into the distributions of housing quality across 
certain subgroups. Summary statistics for the index are provided in Table 1. 
 

 
 
With this data, we have an overview of the housing quality in New York City. First, we 
notice that there are people that have no issues at all with their household, whereas some 
people have all possible issues. However, the latter does not appear to be common since 
the third quantile is 1.7, meaning that 75% of the residents have an HQI lower than 1.7. 
Indeed, with a mean of 1.207 out of a scale from 0 to 10, people on average have few 
issues. Figure 1 contains a histogram of the overall HQI. The distribution is extremely right 
skewed and appears to be logarithmic. 
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Figure 1: HQI Distribution 

 

 
 

4.2 Comparing housing quality distributions between owners and renters 

 
There are almost twice as many renters than there are owners, showing that New York City 
is a city where most people rent. Table 2 contains the means of the two groups: 
 

 
 
We note that the index is higher on average for renters than owners, which suggests that 
renters face more issues with their dwellings. The distributions of both groups are presented 
in Figure 2. 
 

Figure 2: Housing quality indices grouped by status 

 

 
 

The distributions have the same general shape as the overall HQI distribution and appear 
to be logarithmic. However, a major difference is that the distribution for renters is more 
right-skewed, which suggests that renters tend to experience higher indices.  
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Figure 3: Boxplot of the HQI grouped by status 

 
 

In Figure 3, we find the values for renters are more spread out. For the owners, 75% of the 
observations have an index lower than 1. We can even see that the median is 0: 50% of the 
renters have an index equal to 0 or, in other words, have no issue with their dwelling. In 
contrast, 25% of the renters have a value between 2.5 and 7 for the index, while the range 
is from 1 to 3 for owners. It is worth noting that the median for the value of the index for 
renters is equal to 1, which is still not high on the scale, despite the long right tail.  
 
The Mann-Whitney test statistic was equal to 770984750 and the p-value had a value very 
close to 0. Since the p-value is very close to 0, we can conclude that the difference between 
the values of the housing quality indices is significant. In other words, renters do tend to 
have more issues with their dwellings than owners. 
 

4.3 Determining other relevant factors 

 
To identify other important factors, we created a linear regression model with HQI as the 
response. Before fitting the linear regression, we wanted to get some overview of our data 
to get an idea of how several variables were related to the housing condition index. 
 

Figure 4: HQI of dwellings grouped by number of units 
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In Figure 4, we see what kinds of buildings are most common in New York City. Most of 
the residents live in small-size buildings (1 to 5 units) and in medium-to-large-size 
buildings (more than 20 units). We notice that the smallest count is for houses with 6 to 9 
units with only 6,000 observations. That means that the results from the linear regression 
will be significant even for those values of the variable number of units as the number is 
large enough. When considering the average HQI for each type of building, we see a trend: 
for small-size buildings, residents tend to face fewer issues as well as buildings comprising 
more than 100 units. This implies that housing conditions are the worst for medium-size 
buildings.  

Figure 5: Status of owners grouped by number of units 

 
 

Owners are more likely to live in buildings of 1 to 2 units, as shown in Figure 5. Since 
owners are potentially more likely to fix the issues since they directly suffer from the 
consequences, that could explain why those buildings have a lower HQI. Buildings with 
more than 100 units are mostly rented. Since such dwellings are large and potentially better 
managed managers may be quicker to fix those problems compared to smaller places. 
 

Figure 6: HQI against household value, by status 
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Figure 6 shows us more about the relations the householder income variable has with the 
housing quality index. We also had to use the logarithmic function on the values of the 
householder income to make it easier to understand. First, there does not appear to be a 
strong relation between the log of the householder income and the HQI. In fact, the data 
looks quite normally distributed, suggesting that there may not be a linear relationship 
between the two variables. We will see the significance of the income to predict the HQI 
after fitting the linear regression. We see that owners tend to have higher incomes. We can 
also see that owners do tend to have a lower HQI, confirming our earlier results. 
 

Figure 7: Scatterplot matrix of the numerical variables 

 
 

Before fitting the regression, we created a scatter plot matrix in Figure 7 for all the 
numerical variables to check for normality. The first column (householder age) as well as 
the fourth (number of rooms) and fifth one (number of bedrooms) appear quite normal, 
which validates the assumption. The other variables all look logarithmic. Furthermore, the 
third column (household value) and the sixth one (monthly rent) look somewhat different: 
they have two peaks. For those two variables, the peak on the right of each distribution can 
be explained by the placeholder value used when the value was not known, e.g. for renters, 
the household value is not known so the value assigned is 9999999, vice versa for the 
owners with the monthly rent. Therefore, for those two variables, if we look only at the 
first peak, the actual values, we can see that they also look logarithmic.  
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Figure 8: Scatterplot matrix of the numerical variables, after a log transformation 
 

 
 

Other than the peak for the household value and the monthly rent explained above, all 
variables look more normally distributed. However, the first column (duration of stay as of 
2017) as well as the number of people variable still do not look normal.  
 

Figure 9: Correlation matrix of the numerical variables 

 
 
Another important assumption to check is for multicollinearity using Figure 9 which is a 
correlation matrix of the predictors. We observe strong evidence of multicollinearity within 
2 pairs: the household value with the monthly rent, and the number of rooms with the 
number of bedrooms. For the first pair, this issue will be quite easy to deal with. In fact, as 
previously stated, there is no observation that has two actual values for those variables at 
the same time since one of the two variables will have a placeholder variable based on the 
status of the resident, e.g. 999999 for household value for renters and 999999 for monthly 
rent for renters. Therefore, in our analysis, we will never include the two variables at the 
same time. When we will study our entire dataset, we will not take those variables into 
account. When we will study renters, we will include monthly rent in our analysis but not 
household value, and vice versa for owners. Thus, we will not have to deal with the 
placeholder values. Regarding the second pair, number of rooms vs number of bedrooms, 
the multicollinearity makes sense. It is highly likely that the more rooms a dwelling has, 
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the more bedrooms there are. Since the correlation is quite high (around 0.9), we have to 
remove one of the two variables. Given that the variable for the number of bedrooms was 
less normally distributed than the number of rooms, we should remove the number of 
bedrooms. Finally, there is a somewhat positive correlation between the age of the 
householder and the length of time for which they stayed in a unit. This shows that as 
people grow older, they usually stay in the same place. 
 
We fitted a linear regression for all observations with all the predictors remaining against 
the HQI. As mentioned before, we did not include 2 predictors: the monthly rent and the 
household value.  

Figure 10: Linear Regression Output 

 

 
 
From the results in Figure 10, we can spot several things. A lot of, if not all, the predictors 
are considered significant such as the age of the householder, the number of units in the 
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building, the length of the lease, the area of the dwelling and so on. We will only consider 
variables that are significant at the 0.001 threshold. With this threshold taken into 
consideration, that means that the householder income does not play in role in determining 
whether a house experiences more issues than the others. Interestingly, we can notice that 
the status of the residents (owners vs renters) is significant but has a negative coefficient. 
That means that, for dwellings with the exact same characteristics, a renter will have on 
average a HQI lower than the one of an owner, by a value of 0.27 out of 10. This contradicts 
our previous finding that showed that renters have higher housing condition index, meaning 
that they have more issues. This result can be explained by the somewhat low R squared 
value we obtained: 0.2728. This value tells us that our model explains 27.28% of the 
variance in the HQI. Therefore, other factors not present in our model impact the index.  
 

4.4 Testing the impact of ownership status on housing quality 

 
After seeing how variables impact the HQI, we wanted to see if the impact of certain 
variables on the HQI changes depending on the status owner/renter. To do so, we 
conducted two linear regressions with the HQI. In order to determine if the differences 
were significant, we also used a linear regression with the entire dataset, this time adding 
status as an interaction term. With this model, we performed an ANOVA to determine 
whether adding the interaction term made the predictor significant or not. Figure 11 
contains the output.  
 

Figure 11: Changes in coefficients over time results 
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An important finding that we can get based on this output is that the ownership status does 
not change the impact of the income on the HQI. Indeed, the p-value is quite large (more 
than 0.42). That means that for two people, one owner and one renter, with the same 
income, they will have, on average, the same issues. Conversely, for two people, one owner 
and one renter, that stayed for the same time in a dwelling, they will have, on average, a 
very different number of issues. 
 
Since the number of variables significant with the interaction term “Status” is quite large, 
we decided to focus on those with a p-value lower than 0.001. We computed the difference 
between the coefficients of the regression for the renters and the regression for the owners. 
We also calculated the percentage that the difference represents compared to the value of 
the coefficient for the renters so that we could compare the differences across the variables. 
 

Figure 12: Understanding the changing importance of factors over time 

 
 

In this figure, we can see different information regarding the coefficients from the 
regressions previously mentioned. Only the significant predictors are featured in this table. 
We will interpret only the predictors where the difference between renters and owners is 
large compared to the values of the coefficients. Let us first look at the largest percentage, 
which is 6,890%. This percentage is much larger than the others suggesting that owners 
are much more advantaged than renters on this specific aspect, and more precisely when 
the number of stories is between 6 and 10. This percentage means that the impact of living 
in such a building on the housing condition index is greater for renters compared to owners. 
Therefore, it would not be wise for renters to buy dwellings in such buildings. If we look 
more closely at the coefficients, we can see that they are very small, suggesting a small 
impact on the HQI. After looking at the differences of coefficients for the other values of 
the “Number of Stories” variable, it turns out that living in a building with more than 21 
stories is 56% more beneficial for renters. 
 
If we look at the two next largest positive percentages. Those deal with the number of units 
equal to 2 or between 3 and 5. For those specific values of the “Number of Units” variable, 
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the percentage of the difference are above 140%. Those number show us that the housing 
condition index of renters is 140% more impacted when they live in a building with 2 units 
compared to owners. That impact is 159% more important for renters compared to owners 
when they live in a building with 3-5 units. Those percentages show that this is the type of 
buildings where the difference between owners and renters is the most significant. It would 
be interesting to understand why that difference is especially large for those buildings. We 
notice that for all the values of the “Number of Units” variable, the differences are positive, 
which means that there is no type of buildings where it is more advantageous to be a renter 
given the housing condition index. 
 
Lastly, if we look at the smallest percentage difference, we see that it corresponds to the 
variable Borough being equal to Manhattan. It has a value of -274%, meaning that living 
in Manhattan is 274% more beneficial for renters than owners. In other words, if you live 
in Manhattan, the average increase of the housing condition index of your dwelling will be 
274% smaller than that of owners. This finding is quite intriguing. We could posit that if 
you are an owner, living in Manhattan could end up being detrimental for the housing 
condition index because the life is quite expensive in this area, and you would not spend 
as much money on your own dwelling as if you were living in a cheaper area such as 
Brooklyn, where the difference is smaller. It is interesting to note that it looks like it is 
more beneficial to be a renter on all areas of New York City, though it contradicts our 
previous finding that being an owner was related to a lower housing condition index. We 
could infer that living in the Bronx (the baseline) may be much better for owners, or that 
other variables may compensate for the differences in coefficients detrimental to owners. 
Indeed, the coefficients are quite small. After seeing the differences of coefficients between 
owners and renters, we decided to focus on their changes of values over the years. 
 

4.5 Understanding changing importance of factors over time 

 
One of our main research questions was also understanding how the coefficients of the 
predictors of the previous linear regression evolved over the years. To tackle this topic, 
analyzing the entire dataset as a whole might not be quite relevant. Since the number of 
predictors is quite large, for our analysis, we decided to compare the predictors that were 
significant in all the years. To do so, we first conducted a linear regression for each year in 
the dataset, where the HQI was the response variable and the other variables (except the 
year) were predictors. By doing so, we were able to have the coefficients for each predictor 
across the years. After this initial step, we conducted a linear regression similar to the first 
one we did, where the HQI was the response variable and the other variables were the 
predictors, but this time, we added the year variable as an interaction term on all the 
variable. Once this was done, we decided to only take into account the variables whose p-
value were smaller than 0.001 once the interaction term was taken into account. In other 
words, the variables that we selected had significant changes in terms of impact on the HQI 
over time. 
 
In the end, we had 11 predictors out of the 16 used in our models. Regarding categorical 
variables, we used an ANOVA table to know if the categorical variable was significant as 
a whole. For such variables, we only kept the values for which the p-value was really close 
to 0 in our analysis. The predictors that we kept were: the sex and age of the householder, 
whether the householder has a Hispanic origin, the number of units, whether the owner was 
in the building, the number of stories, whether there are kitchen and/or plumbing facilities, 
the length of the lease, the rating of the resident about their neighborhood and the borough. 
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Figure 13: RStudio output of the ANOVA, with year as an interaction term 

 
 

Figure 14: Impact of "Number of Units" on the HQI over time 

 
In Figure 14, we see the changes in coefficients for the significant values of the variable 
“Number of Units”. Interestingly, we see that they all have similar changes over the years: 
they all increase and decrease at the same time. The overall trend is a decrease, meaning 
that they are representative of a lower HQI, compared to the baseline which is “1 unit”. In 
other words, living in a single-unit dwelling is less and less related to a lower HQI. We can 
also see here a decrease in coefficients in 2008, especially for the number of units being 
between to 6 and 9. We can interpret this value by saying that the buildings comprising 
between 6 and 9 units were less impacted by the 2008 financial crisis compared to single-
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unit dwellings, eventually bridging the gap in housing conditions of those two types of 
houses. While this graph shows that larger numbers of units are related to fewer issues with 
a dwelling, those findings contradicts with the previous graph, where we showed that living 
in taller buildings meant more issues. Those differences in findings could be interpreted by 
the balance that each variable contributes to for the final value of the HQI. 
 

Figure 15: Impact of "Number of Stories" on the HQI over time 

 
  
Figure 15 helps us see how the number of stories impact the HQI in different ways over 
time. For buildings with a number of stories between 3 and 5, we see that it has the same 
impact on the HQI over the years. When we compare that trend to that of buildings with 
more than 21 stories, we note that there is quite a big difference. Indeed, dwellings in such 
buildings encounter more issues over time as the coefficient has been steadily increasing 
since 1994. It is worth noting that its increase appears to slow down. In any case, the 
conditions in buildings with more than 21 stories is deteriorating. 
 

Figure 16: Impact of "Living in Manhattan" on the HQI over time 

 
 
It is interesting to see in Figure 16 that for previous years, living in Manhattan meant more 
issues with your dwelling compared to the Bronx but it became less true as time passed. 
Indeed, the value of the coefficient was around 0.3 and then steadily decreased. We notice 
a sudden decrease in 2008 for that coefficient, which is at the same time of the economic 
crisis that affected the world. Since the coefficient got smaller quite fast and eventually 
decreased lower than 0, that shows that people living in the Bronx were more affected by 
that economic crisis than the people living in Manhattan. Indeed, the populations in the 
Bronx are poorer and the economic crisis accentuated those financial issues. We can point 
out that, from 2008 onward, the coefficient stayed very low and even negative, which 
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shows that the Bronx has never fully recovered from the 2008 crisis: from that point on, it 
is worse to live in the Bronx than in Manhattan in terms of housing conditions. 
 

Figure 17: Impact of "Age of Householder" on the HQI over time 

 
 

Finally, in Figure 17, we see the changes in the coefficients for the variable age over the 
years. We can see that after successive increases and decreases, since 2005, the coefficient 
keeps increasing. That can be interpreted by the fact that, as a householder gets older, the 
HQI will increase, and that average increase in the index gets larger each year. It shows 
that older people are more and more likely to experience issues with their dwellings 
compared than before. A reason for that could be that, as the residents get older, so does 
their dwelling, which makes them more prone to issues. Indeed, we saw in the correlation 
matrix in a previous section that the correlation factor between the age of a householder 
and the duration of their stay in a dwelling is equal to 0.6, meaning that as people get older, 
they tend to stay in the same place. Therefore, the condition of old buildings in New York 
City should be examined by New York City in order to help the elders live in better 
conditions. It is worth noting that the coefficient is really low so that means that the impact 
is quite small, but it is still significant. 
 

4. Conclusion 

 

Over the course of this analysis, we focused on several research questions to have a better 
understanding of the housing market in New York City. Using our HQI as a measure of 
housing quality for owners and renters, we saw that owners had significantly fewer issues 
than renters. To determine other factors driving this difference, we fitted a linear regression 
and found out that several variables we assumed had an impact on the index such as the 
income were not as linearly related to the index as others. Some variables like the borough 
or the length of the lease have a strong impact on our index. However, it is worth noting 
that our model could only explain about 28% of the variance in the index, meaning there 
may be other omitted factors.  
 
We then investigated if the impact of certain coefficients on the index differed depending 
on ownership status. We found out that it was much more beneficial to be a renter in 
Manhattan than an owner, but much more detrimental to be a renter in a building with 6-
10 stories than an owner, regarding the HQI. Those differences may need their own study 
to understand why certain types of buildings are more beneficial for owners and vice-versa. 
Finally, we focused on the changes in coefficients over the years. We saw that a lot of 
predictors of the HQI experienced significant changes over the years. For example, it was 
interesting to see that during the 2008 crisis, living in Manhattan suddenly became related 
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to lower HQI compared to living in the Bronx, though it was not true for other years. We 
also noticed that living in buildings with 11-20 stories has rapidly become a source of 
numerous housing issues, as well as the age of residents. Observing, and potentially 
predicting those trends, could help curb the impact of those detrimental factors. 
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