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1. Goal 1: Prediction of Individual Property Values 

1.1. Introduction 

Housing costs demand a significant investment from both consumers and developers, and when it comes to 
planning a budget, whether personal or corporate, the last thing anyone needs is uncertainty about one of their 
biggest expenses. Sberbank, Russia’s oldest and largest bank, helps their customers by making predictions about 
realty prices, so renters, developers, and lenders are more confident when they sign a lease or purchase a 
building. In this project, we developed models which use a broad spectrum of features to predict realty prices. 
 
Our first goal is to build a useful model to predict the price of an individual property given some of the variables in 
the the data set provided by Sberbank. We will make predictions using the model we developed on 5000 
properties.  Our goal is to derive a model that minimizes the RMSLE (Root Mean Squared Logarithmic Error). 

 
1.2. Data Description 

The data we are used to build the model contained 25,471 observations across 73 variables. Of the 73 
variables, 69 variables were continuous or numeric variables, three were categorical or factor variables, and 
one was our response variable price (Figure 1.1). 23 of these variables contained missing values, which we 
will need to address, should we choose that variable for our model (Figure 1.2). All variables containing 
missing values are continuous. We did all initial data set exploration in R. 

1.3. Data Wrangling and Cleaning 

We did not need to rename or standardize any of the values of our data set for this particular problem, but 
went through intense cleaning of missing values, which is described in Section 1.4. 

However, we did change three categorical variables in the data set into integers, in order to potentially use 
them for modeling (Figure 1.3). 

1.4. Exploratory Data Analysis (EDA) 

In order to simplify our variable selection process and analysis, we intuitively divided the data set into nine 
distinct groups based on their attributes (Table 1.1). 

We used this grouping to build correlation charts for each of the groups, measured against the response 
group of price. Thus, we were able to analyze among the distance (Figures 1.4 and 1.5), number (Figure 1.6), 
count (Figure 1.7), population (Figure 1.8), time (Figure 1.9), area (Figure 1.10), other (Figure 1.11), and ID 
(Figure 1.12) groups most closely correlated with price. 

This correlation analysis allowed us to select five continuous variables for further analysis: kremlin_km, 
num_room, X0_17_all, build_year, and full_sq. 

1.4.1. Outlier Identification and Handling 

The only variable we identified within these five variables with significant outliers is build_year (Figure 1.13). 
However, because there were a relatively limited number of outliers compared to the overall data set, we 
decided to remove these observations from our model’s training set, to satisfy the time constraints of this 
project, and because we did not feel it would materially affect our results. 

1.4.2. Missing Value Identification, Summary, and Possible Imputation 
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Among the five continuous variables we investigated, two had missing values: num_room and build_year. 

We decided to address num_room first. First, we used a correlation plot to determine which variables to use 
as predictors (Figure 1.14). This helped us settle on full_sq and life_sq as predictors. However, only 2,658 of 
the missing values in num_room can be predicted by modeling, because there are 5,333 missing values in 
life_sq (Figure 1.15). 

Using full_sq and life_sq as predictors, we built a k-nearest neighboy (KNN) model to predict the missing 
values in the num_room data set (Figure 1.16). We then ran the model, and produced a new data set with 
zero missing values for num_room (Figure 1.17). 

Second we addressed build_year. Because there were no good predictors for build_year, we removed the 
missing values to ensure we had a clean data set (Figure 1.18). 

1.4.3. Multicollinearity 

We checked multicollinearity in SAS and the plots from the proc sgscatter procedue (Figure 1.19) did not 
demonstrate any evidence of multicollinearity between the variables we selected. 

1.4.4. Checking Assumptions (Check assumption on OLS and LASSO specifically) 

We checked our assumptions in SAS using proc reg (Figure 1.20) and found that the study met all 
assumptions. The example provided shows the response variable price_doc measured against the 
exploratory variable full_sq, though we tested all exploratory variables. 

Both the plots and the tables provided by the proc reg procedure (Tables 1.2 and 1.3) demonstrated the 
residuals are roughly normally distributed around zero, with a constant standard deviation. 

Additionally, the number of observations in this study are large enough to utilize the Central Limit Theorem. 
The histograms in Figure 1.19 also support this. 

1.4.5. Variable Selection 

With all of the data wrangling and cleansing, the addressing of missing values and outliers, and the checking 
of assumptions completed, we finally established a clean data set that is ripe for modeling (Figure 1.21). 

We ultimately selected the five continuous variables listed above, as well as the three categorical variables 
product_type, railroad_terminal_raion, and big_market_raion. We will use our SAS modeling to assist with 
variable selection. 

1.5. Modeling 

The three models we chose were the LASSO model, the OLS stepwise model, and an OLS stepwise model 
with interaction variables. We used SAS for all modeling (Figure 1.22). 

1.5.1. LASSO Model 

The LASSO model selected seven of the eight exploratory variables, excluding railroad_terminal_raion. The 
model is as follows (Table 1.4): 

Price_doc = 28065501 + 196744(full_sq) - 12920(build_year) - 844309(num_room) 14.755952(X0_17_all) - 
166444(kremlin_km) - 315062(product_type) - 821012(big_market_raion) 

1.5.2. OLS Stepwise Model 
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The OLS stepwise model used the same seven variables as the LASSO model. The model is as follows (Table 
1.5): 

Price_doc = 28919545 + 197710(full_sq) - 13351(build_year) - 866209(num_room) + 15.083109(X0_17_all) - 
166455(kremlin_km) - 315947(product_type) - 830030(big_market_raion) 

1.5.3. OLS Stepwise Model with Interaction Variables 

The OLS stepwise model uses the same variables as the above variables, along with an interaction variable of 
all seven. The model is as follows (Table 1.6): 

Price_doc = 32356910 + 200778(full_sq) - 15541(build_year) - 822448(num_room) + 27.597161(X0_17_all) - 
159224(kremlin_km) - 687817(big_market_raion) - 0.000002418(interaction_variable) 

1.5.4. Model Comparison 

In order to evaluate the models from SAS we compared them across the following statistics: Root MSE, 
Dependent Mean, R2, Adjusted R2, AIC, AICC, SBC, ASE, and CV Press (Table 1.7). 

Additionally, we created a linear model in R, and cross-validated with our SAS model (Figure 1.23). 

1.6. Prediction 

Our predictions are included in the attached CSV file in the ZIP folder with this submission. 

1.6.1. Selecting the Best Model 

Ultimately, we selected the OLS model with the interaction variables because it had a similar Adjusted R2 to 
the other two models, but had a lower Root MSE. (Must mention ASE (test) and use this as justification for 
the best model you select) 

2. Goal 2: Prediction of Mean Property Value by Year 

2.1. Introduction 

Our second goal is to build a useful model to predict the mean price of properties from July 2015 to July 2016.  
We would also like to provide a table and a plot of these forecasts complete with 95% confidence intervals.  This 
analysis will entail extensive data wrangling, as well as testing for serial correlation in the data to make necessary 
adjustments to the model if there is evidence of significant serial correlation. 

 
2.2. Data Wrangling 

We used R for all data wrangling. 

First we selected the two relevant columns from the data set, timestamp and price_doc. 

Second, we changed the timestamp class from a factor to a date. 

Third, we divided the timestamp into three columns: year, month, and day. 

Fourth, we combined year and month into a new column called monthyear. 

Fifth, we grouped the data by monthyear and average price. 

Finally, we added a new column called MonthNumber (Figure 2.1). 

2.3. Plot of Time Series 
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We used R and the package ggplot2, along with the columns price_doc and MonthNumber from our 
modified data set to graph the time series of the price over number of months (Figure 2.2). 

2.4. Model of Residual Series 

We used R and SAS to make all of the following plots and models. 

2.4.1. Linear Regression Model 

We used R to make a linear regression model with price_doc as the response variable. The model is as 
follows (Figure 2.3): 

Price_doc = 5824652 + 45969(MonthNumber) 

2.4.2. Plot of Residual Series 

We used R to plot the residuals of this model (Figure 2.4). 

2.4.3. Autocorrelation Investigation 

We used SAS and proc autoreg to investigate autocorrelation in our model (FIgure 2.5). 

According to the results, the lowest AIC is 1340.68 for our lag(1) model, with a Durbin-Watson value of 
2.1502, the highest of the three models, and a p-value of 0.6422. This suggests no signifcant evidence of an 
autocorrelation effect in the model. However, in the lag(2) model, the p-value is 0.0009, suggesting a 
significant autocorrelation effect. However, the parameter estimates in model lag(2) are less than those in 
model lag(1), meaning lag(2) is more stable. Among the three model, lag(1) and lag(2) have lower AIC and 
SBC than the OLS model (Table 2.1). 

2.4.4. Forecast of Residuals for Next Year 

We used SAS to forecast the residuals of the next year (Figure 2.6 and Table 2.2). 

2.5. Forecast of Next Year 

We used SAS to forecast the next year, and our forecast is in an attached CSV file in the ZIP folder for this 
project (Figure 2.7 and Table 2.3). 

3. Appendix 1: Data Dictionary 

Var_ID Variable Category Description 
1 id ID Transaction id 
2 timestamp Time Date of transaction 
3 full_sq Area Total area in square meters, including loggias, balconies and other 
4 life_sq Area Living area in square meters, excluding loggias, balconies and other 
5 floor Other For apartments, floor of the building 
6 max_floor Number Number of floors in the building 
7 material Other Wall material 
8 build_year Time Year built 
9 num_room Number Number of living rooms 

10 kitch_sq Area Kitchen area 
11 product_type Other Owner-occupier purchase or investment 
12 raion_popul Number Number of municipality population. district 
13 green_zone_part Area Proportion of area of greenery in the total area 
14 indust_part Area Share of industrial zones in area of the total area 
15 children_preschool Number Number of pre-school age population 
16 preschool_quota Number Number of seats in pre-school organizations 
17 children_school Population Population of school-age children 
18 hospital_beds_raion Number Number of hospital beds for the district 
19 healthcare_centers_raion Number Number of healthcare centers in district 
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20 university_top_20_raion Number Number of higher education institutions in the top ten ranking of the 
21 shopping_centers_raion Number Number of malls and shopping centres in district 
22 office_raion Number Number of offices in district 
23 railroad_terminal_raion Other Presence of the railroad terminal in district 
24 big_market_raion Other Presence of large grocery / wholesale markets 
25 full_all Population Total population in the municipality 
26 0_6_all Population Population aged 0-6 
27 7_14_all Population Population aged  7-14 
28 0_17_all Population Population aged 0-17 
29 16_29_all Population Population aged 16-19 
30 0_13_all Population Population aged 0-13 
31 build_count_block Count Count of block buildings 
32 build_count_wood Count Count of wood buildings 
33 build_count_frame Count Count of frame buildings 
34 build_count_brick Count Count of brick buildings 
35 build_count_before_1920 Count Count of before_1920 buildings 
36 build_count_1921-1945 Count Count of 1921-1945 buildings 
37 build_count_1946-1970 Count Count of 1946-1970 buildings 
38 build_count_1971-1995 Count Count of 1971-1995 buildings 
39 build_count_after_1995 Count Count of after_1995 buildings 
40 metro_min_avto Time Time to subway by car, min. 
41 metro_km_avto Distance Distance to subway by car, km 
42 metro_min_walk Time Time to metro by foot 
43 metro_km_walk Distance Distance to the metro, km 
44 school_km Distance Distance to high school  
45 park_km Distance Distance to park 
46 green_zone_km Distance Distance to green zone 
47 industrial_km Distance Distance to industrial zone 
48 railroad_station_walk_km Distance Distance to the railroad station (walk) 
49 railroad_station_walk_min Time Time to the railroad station (walk) 
50 ID_railroad_station_walk ID Nearest railroad station id (walk) 
51 railroad_station_avto_km Distance Distance to the railroad station (avto) 
52 railroad_station_avto_min Time Time to the railroad station (avto) 
53 public_transport_station_km Distance Distance to the public transport station (walk) 
54 public_transport_station_min_ Time Time to the public transport station (walk) 
55 kremlin_km Distance Distance to the city center (Kremlin) 
56 big_road1_km Distance Distance to Nearest major road 
57 big_road2_km Distance Distance to next distant major road 
58 railroad_km Distance Distance to the railway / Moscow Central Ring / open areas Underground 
59 bus_terminal_avto_km Distance Distance to bus terminal (avto) 
60 big_market_km Distance Distance to grocery / wholesale markets 
61 market_shop_km Distance Distance to markets and department stores 
62 fitness_km Distance Distance to fitness 
63 swim_pool_km Distance Distance to swimming pool 
64 ice_rink_km Distance Distance to ice palace 
65 stadium_km Distance Distance to stadium 
66 basketball_km Distance Distance to the basketball courts 
67 public_healthcare_km Distance Distance to public healthcare 
68 university_km Distance Distance to universities 
69 workplaces_km Distance Distance to workplaces 
70 shopping_centers_km Distance Distance to shopping centers 
71 office_km Distance Distance to business centers/ offices 
72 big_church_km Distance Distance to large church 
73 price_doc Response  sale price (this is the target variable) 

 

4. Appendix 2: Code and Tables 

Figure 1.1 
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Figure 1.2 
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Figure 1.3 
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Figure 1.4 
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Figure 1.5 

 
Figure 1.6 
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Figure 1.7 

 
Figure 1.8 

 
Figure 1.9 
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Figure 1.10 

 
Figure 1.11 

 
Figure 1.12 
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Figure 1.13 

 

 

 
Figure 1.14 

 
Figure 1.15 
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Figure 1.16 

 

  
Figure 1.17 
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Figure 1.18 

 

 

 
Figure 1.19 
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Figure 1.20 
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Figure 1.21 
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Figure 1.22 

 

Figure 1.23 
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Figure 2.1 
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Figure 2.2 

 

 

Figure 2.3 
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Figure 2.4 

 

 
Figure 2.5 

 
Figure 2.6 
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Figure 2.7 

 
 
Table 1.1 

Group 
Name 

Variables 

Distance Green_zone_km, railroad_km, railroad_station_walk_km, railroad_station_avto_km, 
school_km, public_transport_station_km, bus_terminal_avto_km, kremlin_km, park_km, 
metro_km_avto, metro_km_walk, industrial_km, bigroad1_km, big_road2_km, 
big_market_km, market_shop_km, fitness_km, stadium_km, basketball_km, university_km, 
workplaces_km, office_km, ice_rink_km, public_healthcare_km, big_church_km, 
swim_pool_km, shopping_centers_km 

Number Num_room, shopping_centers_raion, university_top_20_raion, office_raion, 
hospital_beds_raion, healthcare_centers_raion, max_floor, preschool_quota, raion_popul, 
children_preschool 

Count Build_count_brick, build_count_before_1920, build_count_block, build_count_1946.1970, 
build_count_1971.1995, build_count_frame, build_count_after_1995, build_count_wood, 
build_count_1921.1945 

Population Full_all, X16_29_all, X0_6_all, children_school, X7_14_all, X0_17_all, X0_13_all 

Time Timestamp, build_year, railroad_station_walk_min, railroad_station_avto_min, 
public_transport_station_min_walk, metro_min_avto, metro_min_walk 

Area Indust_part, full_sq, life_sq, kitch_sq, green_zone_part 

Other Material, floor 

ID ID_railroad_station_walk, id 
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Response Price_doc 

Table 1.2 

  

Table 1.3 

 

 

Table 1.4 

 

Table 1.5 
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Table 1.6 

 

Table 1.7 
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Table 2.1 

OLS       lag(1)       lag(2) 
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Table 2.2 

 

 

Table 2.3 

 


