








As the results shows that, sales index for both apartment, villa and price per sqft are non-
stationary but the rental price is stationary. Therefore, the next step is to make the non-

stationary dataset stationary.

Step 4: Making dataset stationary through Detrending and De-seasonalization
Python ADF test was extended for de-trending and de-seasonalization.

Figure 27 Detrending and differentiation od apartment sales index [Source: Author]
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## Sales Index of Apartment in Dubai

#7

## Results of Dickey-Fuller Test after De-trend and De-seasonalization:

##

#7

## Test Statistic
## p-value

## #lags Used

## Number of Observations Used 84 .008080

## Critical Value
## Critical Value
## Critical Value
## dtype: floatb4d
##

## Result: Strong

-3.518479
a.807722
4.00000e
(1%) -3.51a8712
(5%) -2.896616
(1e%) -2.585482

evidence against the null hypothesis(H®). Therefore, rej

ect the null hypothesis. That means data is stationary.
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Figure 28 Figure 27 Detrending and differentiation od villa sales index [Source: Author]

Orange lines represent villa and blue line represent apartments.

## Sales Index of Villa in Dubai

#H

## Results of Dickey-Fuller Test after De-trend and De-seasonalization:

#H
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## Test Statistic -3.3e356@

## p-value 8.014720
## #lLags Used 4.000000
## Number of Observations Used 88.000000
## Critical Value (1%) -3.506944
## Critical Value (5%) -2.894990
## Critical Value (10%) -2.584615
## dtype: floatéd

##

## Result: Strong evidence against the null hypothesis(H8). Therefore, re

ject the null hypothesis. That means data is stationary.
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Figure 29 Price per sqft 2BHK apartment in Downtown Dubai [ Source: Author]

## Price per sgfit of 2 BHK Apartment in Downtown Dubai
i

## Results of Dickey-Fuller Test after De-trend and De-seasonalization:
H#F

IR

## Test Statistic -8.552234=+08

## p-value 9.1571508e-14

#F #lags Used 1.000008e+02

## Number of Observations Used 4.280000=+08

## Critical Value (1%) -7.355441e+00

## Critical Value (5%) -4,4743652+08

## Critical Value (18%) -3.126933=+00

## dtypg: floated

##

## Result: Strong evidence against the null hypothesis(H@). Therefore, re

ject the null hypothesis. That means data is stationary.
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Step 5: Plot the Correlation and Auto Correlation Charts

Next using seasonal first difference technique and autocorrection with a lag of 20, the sales

price was made stationary.

## ADF Test Statistic: -4,664692629833651
## p-value: 9,7238867942152434=-085
## #lags Used: 4

## Number of Observations: 7

#%

## Result: Strong evidence against the null hypotdesis(HB}. Therefore, rej
ect the null hypothesis. That means data is stationary.

106 Seasonal First Difference
05
0.0
=0.5
-1.0
-1.5
180 182 184 186 188 180

Figure 30 Seasonal First Difference [ Source: Author]
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Figure 31 Autocorrection of Sales Price [ Source: Author]
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Figure 32 Partial and Auto-correction [Source: Author]
Step 6: Construct Time-series models

In machine learning the original dataset is split into two - training data and testing data to fit
the model on the train data, in order to make predictions on the test data. In time series
machine learning analysis, the observations are not independent; hence, cannot split the data

randomly but usually split observations along with the sequences.

In this process, if proper care in not taken in considering the homogeneity of the data, there is
a possibility that the model is overfitted or underfitted. Both of these are not good because
they affect the predictability of the model. To overcome this, K-Fold cross validation method
was used wherein the dataset is split into k subsets, and train on k-1 one of those subsets. The
last subset is then used for testing. This can then be repeated for each of the subsets. We then
average the model against each of the folds and then finalizes the model. Finally, the model

was tested again against the test set.

The monthly sales index of apartment is analyses using five time series analysis models.
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6.1 Simple Exponential Smoothing (SES)

This model is suitable for time series data that do not show trends or seasonal components.
The visualization result of SES forecast model display the difference between the auto-
optimized o and the specified 0=0.9. The value of a has to be between 0 and 1. It is apparent
from the graph that SES will predict a flat forecasted line as it uses weighted averages. The
RMSE for both is 0.9. Generally, time series data demonstrate some kind of trend or
seasonality; hence, this model can provide a baseline for comparison. The forecasted sales
index for apartments is 1.25.

## The Root Mean Squared Error of our forecasts with smoothing level of
B.8 is 9.89

## The Root Mean S5quared Error of our forecasts with auto optimization is
8.85

Simple Exponential Smoothing (SES)
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Figure 33 Simple Exponential Smoothing (SES) [Source: Author]
6.2 Holt’s Forecasting Model
Holt’s is a linear exponential smoothing model applied for forecasting data with trend using
two-parameter model. The trend is updated over time through the second equation. The

difference between the last two smoothed values is used to express the trend. In our case, the

RMSE for both Linear and exponential trend is the same.

## The Root Mean S5quared Error of Holts Linear trend 8.084
## The Root Mean Squared Error of Holts Exponential trend 8.84
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Holt's Forecasting
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Figure 34 Holt's Forecasting [Source: Author]

6.3 Holt-Winters
The Holt-Winters model extends Holt to allow the forecasting of t
includes both trend and seasonality as in the case of monthly sales

ime series data that
index.

## The Root Mean 5quared Error of additive trend, multiplicative seasonal
of period season_length=12 and a Box-Cox transformation 8.3

## The Root Mean Squared Error of additive damped trend, multiplicative se
asonal of period seasgn_length=12 and a Box-Cox transformation 8.3

Holt-Winters
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Figure 35 Holt-Winters forecasting [Source: Author]
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The seasonality is set to 12 months to see the variations over a year. Figure 35 shows that the
Holt-Winters model fits the actual data well though forecast starts to drop off towards the
end. However, the RMSE is not better than the results of SES model.

6.4 ARIMA
As discussed, the exponential smoothing models use weighted averages of past observations

to forecast new values. However, Auto-Regressive Integrated Moving Average (ARIMA)
models look at differences between values in the time series and used autocorrelations or
serial correlations in the data. ARIMA is a widely used statistical model for time series
forecasting. It considers three parameters:

p: The number of lag observations included in the model, also called the lag order.
d: The number of times that the raw observations are differenced, also called the
degree of difference.

q: The size of the moving average window, also called the order of moving average.
A linear regression model is constructed including the specified number and type of
terms, and the data is prepared by a degree of differencing in order to make it
stationary, i.e. to remove trend and seasonal structures which negatively affect the

regression model.

For the monthly sales index of apartment, the p,d,q values of ARIMA is identified to be
(1,1,1) with an AIC value of -607.497. The lower the value of AIC, the better the result.

ARIMA Model Results

Dep. Variable: D.flat_monthly_index  No. Observations: 119
Model: ARIMA(1,1, 1) Log Likelihood 307.748
Method: css-mle  §.D. of innovations 0.018
Date: Sat, 15 May 2021 AIC  -607.497
Time: 09341 BIC -596.380
Sample: 1 HQIC -502.983

coef stderr z P=[z] [0.025 0.975]

const -0.0001 0002 -0.064 0.94% -0.004 0.004
ar.L1.D.flat_monthly_index -0.2656 0377 -0.704 0481 -1.005 0474
ma.L1.D.flat_monthly_index 05023 0340 1479 0139 -0163 1168

Roots

Real Imaginary Modulus Frequency
AR.1 -3.7653  +0.0000j 3.7653 0.5000
MA.1 -1.9908 +0.0000] 1.9908 0.5000

Figure 36 ARIMA [Source: Author]

From Figure 37, it is evident that of the 120 observations available for the period Jan 2011 till

March 2021, in early 2019, there was a sharp upward trend in the sales index, which then
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started declining in 2020. The forecast and observed value are close with a confidence

interval of 95%. However, since the sales price has seasonality, SARIMA would be a better

choice.
ARIMA Forecast of Apartment Monthly Sales Index
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Figure 37 ARIM monthly apartment sales index forecast [Source: Author]

6.5 Seasonal ARIMA (SARIMA)
The best value for SARIMA was identified to be SARIMAX (1, 1,1) x (1, 1, 1, 12)

B SARIMAX Results

##f =======================================================================
## Dep. Variable: Sale Price No. Observations: 24

## Model: SARIMAX(1, 1, 1)x(1, 1, 1, 12) Log Likelihood: -159.689

## Date:Sat, ©8 May 2021 AIC 329.377

&% Time: 12:41:16 BIC 331.367

##% Sample: @ HQIC 328.123

#% - 24

## Covariance Type: gpg

% = s======= ss===s======ss====s=s=s=======
#% coef std err z P>|z| [8.825 @.975]
- = T ke e
## ar.L1 -0.5315 4,151 -9.128 0.898 -8.667 7.684
## ma.L1 ©.86660 6.317 8.e1e 9.992 -12.314 12.446
#% ar.5.L12 -1.08008 1.8938 -9.911 @.362 -3.152 1.152
4% ma.5.L12 B.8889 19.424 9.0800 1.8280 -38.861 38.878
#% sigma2 5.325e+11 2.25e-10 2.36e+21  ©.800  5.33e+11  5,.33s+1l
## -
## Ljupg-Box (L1) (Q): @.88 Jargue-Bera (JB): 0.36
#% Prob(Q): 2.35 Prob(JB): 8.84
## Heteroskedasticity (H): ©.60 Skew: .34
#% Prob(H) (two-sided): .63 Kurtosis: 3.56

#—# ==sssssssss=s=s== ==== Ss====s=s=s=====
## ## Warnings:

## [1] Covariance matrix calculated using the outer product of gradients (
complex-step).

#%# [2] Covariance matrix is singular or near-singular, with condition numb
er 1.28e+38. Standard errors may be unstable.
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Figure 38 SARIMA Diagnostic plot [Source: Author]

Figure 38 illustrates the diagnostic plot of SARIMA.

Top left: The residual errors seem to fluctuate around a mean of zero and variance is also not

uniform.
Top Right: The density plot suggests normal distribution with mean zero.

Bottom left: All the dots fall close to the red line. A select few blue dots that are away from

the red line indicate the distribution is skewed.

Bottom Right: The correlogram is a commonly used tool for checking randomness in a data
set. For random values, autocorrelations should be near zero for any and all time-lag
separations. But in our results from aka, ACF plot shows that values are non-random; hence
there are a few values where the autocorrelations are non-zero in other words the residual

errors are not autocorrelated.

Since most of these values are close to zero, overall, it seems to be a good fit. Thus, by
validating the results of the four visualizations in Figure 38, it can be concluded that
SARIMA model’s residuals are almost normally distributed. This suggests that we have
created a well-fit model that suites our dataset. So, the final step is to forecast. The SAMARI
forecast which suggests that the monthly sales index of apartments will continue downward

trend for the next 20 months and sales index is likely to drop to 1.
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The Mean Squared Error of our forecasts is 8.8183
SARIMA Forecast of Apartment Monthly Sales Index
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Figure 39 SARIMA monthly sales index of apartment forecasting [ Source: Author]
By comparing with the results of all five time series models, it was concluded that the

SARIMA model best captures both the seasonality and trend of our monthly sales index

dataset from Dubai Pulse. Its forecasted results are closest to the actual sales index.



8. Results

The objective of the project is to help investors identify suitable portfolio and take informed
decision considering the Dubai Real Estate market trends. For making suitable
recommendations a series of exploratory, predictive and time series analysis were conducted
using both python and r programing and data modeling techniques. Though RStudio was
predominantly used for visualization and data modeling, there were instances when certain
features didn’t work. One of the most prominent instances was in the case of Pandas Profiling
where in an alternate IDC, Jupiter Notebook, was used for conducting exploratory studies on
the datasets.

According to the exploratory data analysis, residential sales index dataset obtained from
Dubai Pulse was comprehensive; however, the transaction dataset available had incomplete
data. It was identified that rent value and rent price per sq meter which are crucial
information for this project had 96.1% missing values. Besides, Unit and Building dataset
retrieved from Dubai Pulse did not prove to be useful for the study and had to be dropped.
This impacted the smooth flow of the project and an alternate dataset that included both the
sales and rental values had to be obtained from Property finder and Kaggle. Since Dubai
Pulse is a Smart Dubai government portal, firstly, it would be great if the government would
ensure in improving the quality of the open dataset that could stimulate more research in this
field to analyze and forecast real estate trends in Dubai. Secondly, the names of the regions if

mapped to the common names will help common people understand more easily.

The analysis shows that the top ten Dubai freehold areas chosen by investors are Downtown
Dubai, Dubai Marina, Jumeirah Village circle, Palm Jumeirah, Jumeirah Beach Residence,
Business Bay, Greens, Meydan and Cultural Village. While Downtown Dubai sees a higher
sale in two-bedroom apartments, on the contrary, Jumeriah Village Circle has a higher sale in
one-bedroom apartments. However, in general people invest mostly on one-bedroom and
two-bedroom properties compared to studio or three and more bedroom properties. It was
also observed that average price of property is highest in the Al Barsha South Fifth for

apartments and in Al Barsha South Fourth for Villas.

Predictive Analysis data analytical models were used to predict the sale price of the property
based on three variables — size of the property in sgft, number of bedrooms (studio, one, two,

three, four, five and six) and quality of construction (low, medium and high). Gradient
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