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Abstract

This study evaluates the rental market forecasting models. In these models,

forecast errors no longer follow the normal distribution, and the prediction intervals

calculated based on the traditional method are no longer consistent. This paper

applies the bootstrap method to solve this problem. Comparing forecast intervals

calculated from the two methods, we find that the traditional method tends to

underestimate forecast errors and produces narrower confidence intervals.
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1 Introduction

Rental market forecasting plays an guiding role in real estate investment and

development decision making. Accurate forecasting is crucial in determining

how profitable a new investment or construction in the rental market. In the

current economic environment, with high competition and slim profit margins,

even a small improvement in the forecasting can have a significant impact. In

the literature, time-series models have been extensively used to forecast rental

market1 activities by real estate firms and financial institutions. However, little

past work has been done to evaluate the forecast results of these models. This

paper contributes to the literature by evaluating forecast models and improving

forecast accuracy by using the bootstrap method.

In order to obtain accurate forecasting, one needs to calculate prediction

intervals accurately. The calculation of these intervals typically depends on the

assumption that forecast errors are normally distributed. This normality as-

sumption, however, is often violated in the context of rental market forecasting,

where the sample size is usually small, and forecast-period exogenous variables

are stochastic. To deal with this problem, two alternative methods have been

proposed in the literature. On the one hand, Feldstein (1971) argues the bounds

of the true forecast interval can be calculated by distribution free method under

certain assumption. Green (1998) applied this method to evaluate forecasting

models of office rental markets and obtained wider prediction intervals than

those calculated from traditional method that require normality assumption.

The application of Feldstein (1971), however, is limited in other time series

models for two reasons. First, the computation is complicate when lagged

explanation variables are added. Second, this method delivery only the bonds of

confidence interval, not the exact interval. On the other hand, the development

of bootstrap method (Efron, 1979) has received special attention as an alternative

to construct forecast intervals for time series models (See, Thombs and Schucany
1Brooks and Tsolacos 2000, Stevenson and McGrath 2003.
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1990, McCullough, 1994, 1996, Kim, 1999, 2001). This paper evaluates forecast

models of rental market, using data of Los Angeles County; it shows that the

forecast precision has been greatly improved, by applying the bootstrap method

when calculating the confidence intervals

The rest of the paper is structured as follows. Section 2 reviews the

literature. Section 3 explains the problem of using traditional method to generate

forecast intervals for time serious models, when sample size is small. Section

4 demonstrates the procedure of the bootstraps that can be used to solve

this problem following Thombs and Schucany (1990) and McCullough (1994).

Section 5 introduces the data of the rental market for the Los Angeles County.

In section 6, we apply the bootstrap method to time series models of rental

market activities in Los Angeles and compare the forecast intervals with those

based on the traditional method. Section 7 concludes.

2 Literature review

The existing literature on the rental market forecasting can be divided into

two categories, depending on whether structural or reduced form models are

used to forecast rent. The first category concentrates on equilibrium model and

studies the impact of vacancy rates on rental values (Wheaton, 1987; Wheaton

and Torto, 1988 and Hendershott et al 1999). The second category examines

the issue of forecasting from a less structured way and studies the demand

and supply variables in reduced form models. Most studies uses ordinary least

squares (OLS) models, although a growing number of papers adopt the auto-

regression (ARIMA and Vector Autoregressive (VAR)) models in the context of

rental forecasting (McGough and Tsolacos 1994, 1995b). Despite the growing

body of the literature in this area, few studies have evaluated the accuracy of

results from those autoregression forecast models. This paper evaluates the

forecasting of reduced-form models.

To obtain confidence intervals, traditional asymptotic and bootstrap are
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the two most cited procedures. The traditional approach typically assumes

asymptotic normal forecast errors lacking information about the distribution

of the forecast. However, confidence intervals, based on the normal distribution,

are known to fail asymptotically in some cases, and their small sample properties

might be biased. In terms of rental market forecasting, the normality assumption

fails for two reasons. First, sample size is usually small. Second, using

autoregression models implies that the independent variables in the forecast

period are stochastic. The bootstrap method does not require the normality of

forecast errors, and, therefore, could improve the forecasting accuracy in the

rental market (Fachin and Bravetti, 1996).

The bootstrap method is developed by Efron (1979, 1982);it is applied to

predict confidence intervals for time series models by Thombs and Schuchany

(1990).2 The distinct feature of the prediction intervals in Thombs and

Schuchany (1990) is the use of backward autoregressive model for resampling,

which generates bootstrap replicates of forecasts conditionally on past observa-

tions.3 This is the main bootstrap procedure that we use in this paper.

3 Estimation model and the potential problem

Theory indicates that rents and vacancies are functions of the economy’s

demand for rental units and current supply of rental units to the market. How

to best proxy these forces remains open to debate. Our purpose here, however,

is not to investigate the structural relationship between rents and vacancies, and
2See Berkowitz and Killian (2000) for more discussion on the application of bootstrapping to time series

data models.
3Masarotto 1990, and Grigoletto 1998 proposed a different class of bootstrap prediction interval for the

autoregression model, where the backward is not required for resampling. This method is not considered

in this paper since it ignored the conditionality on past in generating bootstrap replicate of autoregression

models. Also, based on simulations, as mentioned in Kim 2004, thomb and shucany 1990 method has

better small sample properties than the Masarotto 1990 method, especially when the model is close to unit

root non-stationarity.
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all of the economic forces behind, but rather to develop forecasts and to measure

their accuracy. For this purpose, we focus on reduced-form models.

Given the availability of our data, we are partially interesting in four rental

market activities in the Los Angeles metropolitan area: vacant rate (VacR), rent

(Rent), completion rate (CompR), and absorption rate (AboR). We consider three

sets of models for the four variables. The first set is single equation ARMR

models which forecast vacant rate, rent, completion rate, and absorption rate

separately.

Y(t) =
q

∑
1

βiY(t− i)− 1 +
q

∑
1

θiu(t− i) + u(t)

Where Yit stands for VacR, Rent, CompR and AboR, separately. The second set

uses VAR model and forecast VacR and Rent simultaneously. The third also uses

VAR model and forecast CompR and AboR simultaneously.

To illustrate the problem of forecasting autoregression models, like VAR,

based on small samples, let us break down the steps of forecasting. To simplify,

consider the following AR(1) model:

y(t) = βy(t− 1) + u(t).

Based on the estimation model, we have the following forecast equation for

period t + 2,

y(t + 2) = βy(t + 1) + u(t + 2)

= β2y(t) + βu(t + 1) + u(t).

β is unknown and is estimated. Whether its estimation errors affect forecasting

results depends on whether we could treat β as fixed in the forecast model. Let

us consider the following two cases.

Case 1: If β is fixed, then the forecast error is βu(t + 1) + u(t), and it’s the

sum of two normal distribution errors and, therefore, it is normal.

var[y(t + 2)] = β2var[u(t + 1)] + var[u(t)]
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The variance of forecast errors reveals two sources of variability in the prediction:

sampling error and random error. Since the forecast errors are normally

distributed, the prediction confidence intervals can be estimated.

Case 2: If β is not known with certainty and, instead, is an estimation, then

the forecast error β̂u(t+ 1) + u(t)) where β̂ is an estimation of β. In this case, the

forecast error is no longer normally distributed. This is because it is not a linear

combination of normal variables, however, it is the sum of products of normally

distributed random variables. The variance of forecast error in this case reveals

three sources of variability in the prediction: sampling error, random error, and

conditional error.

var[y(t + 2)] = y(t)2var[β̂2] + β̂2var[u(t + 1)] + var[β̂u(t + 1)] + var[u(t)]

= β̂2var[u(t + 1)] + var[u(t)] + y(t)2var[β̂2] + var[β̂u(t + 1)].

The traditional approach, which assumes that forecast errors are normally

distributed, usually ignores the conditional error. This assumption is justified

by arguing that conditional error is Op(T(−1/2)), and it goes away when the

sample size is large enough. So when sample size is large, Phi can be considered

as fixed, and the forecast error can be then considered as following normal

distribution. However, for rental market forecasting, the sample size is usually

small, and the traditional forecast method, therefore, fails to provide accurate

results. To be more specific, without considering the conditional bias, the

traditional method, which based on the assumption of normally distributed

forecast errors, tends to produce a smaller forecast variance.

4 Method of bootstrap

In this paper, we apply the standard bootstrap method for autoregression

models, as outlined in Thombs and Schuchany (1990), to correct the forecast
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variance and generate consistent prediction intervals. 4 The basic idea of

bootstrap is to resample and get the statistic of interest for the new sample. If

one repeats this procedure many times, one can then get a bootstrap distribution

of the statistic of interest. This method is useful for estimating the distribution

of a statistic (e.g. mean, variance) without using normal theory (e.g. z-statistic,

t-statistic). It is especially useful when the theoretical distribution of a statistic of

interest is complicated or unknown. As in our case, the distribution of forecast

error is unknown. To outline the steps of bootstrap method for forecasting based

on the following AR(1) model,

y(t) = βy(t− 1) + u(t).5

• Step 1: Obtain AR(1) coefficient estimates Phi and residuals u.

• Step 2: Simulate the a new set of AR(1) data based on β and resample of

backward residuals.6

• Step 3: Obtain new estimates of Phi and forecast yt+ f based on the

simulated data from step 2.

• Step 4: The procedures of step 2 and 3 are repeated many times (N) to

obtain simulation based forecasts as well as their confidence intervals. We

obtain the bootstrap estimates G(y) of the distribution of yt+ f . Sort yn
t+ f in

an ascending order, if N = 1000, then the 50th and 950th yn
t+ f constitute a

90% con?dence interval of yt+ f .

4An alternative method to solve the problem of forecasting when the forecast-period variable is

stochastic is provided in Feldstein (1971). Under the assumption that the regression coefficients and the

forecast-period exogenous variables are uncorrelated, Feldstein (1971) corrects the forecast variance by

explicitly calculating the forecast variance. However, the fact that time series models uses lagged dependent

variables as forecast-period variables casts a shadow on the validity of the assumption required by Feldstein

(1971).
5We consider a AR(1) model here as illustration, the procedure of the bootstrap method for other

autoregression models, like ARMAR or VAR, is quite similar.
6See Thombs and Schuchany (1990) for more explanation on backward residual.
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5 Data and Estimation

Our data comes from REIS, which contains annual data for Los Angeles rental

market between 1990 and 2013. The detailed variables include vacancy, rent,

absorption, completions, employment, and population. We conduct forecast

using the traditional method as well as the bootstrap method, and then compare

their predicted interval for both ARMA models and VAR models.

We use the annual data from all twenty-four years (1990-2013) that are

available to us to estimate the forecast models. Figure 1 presents the time trends

of the variables that we are interested; these variables include vacant rate (VacR),

log rent (Rent),7 completion rate (CompR), and absorption rate (AboR).

The average annual rent in Los Angeles County has increased for four

straight years. As of 2013, the average rent in the County was $1458. This

average reflects an almost 2.6 percent increase from the average rent at the same

time in the previous year, and the annual rent growth is the highest in the county

in four years. Between 2013 and 2014, over 7,500 new units of multifamily

housing were completed in Los Angeles County. This completion indicates

an almost 62 percent increase from the number of units completed during the

previous year, and the most units completed in the past four years. Despite

an increase in the number of units completed, the vacancy rate in Los Angeles

County dropped to 3.2 percent in 2013. This change represents a 10.6 percent

decrease in vacancy rate from the previous year, and a 43 percent decrease from

a vacancy rate of 6 percent in 2010.

The average annual completion rate and annual absorption rate in Los

Angeles County have experienced ups and downs in the previous years.

Between 1990 and 2013, the average completion rate of the County was 0.52

percent, with a maximum of 2.42 percent in 1990, and a minimum of 0.11 percent

in 1995. The average absorption rate was 0.51 percent, with the maximum of 2.16

7REI provides two types of rent, the asking rent and effective rent. We use effective rent and normalize

it with 1990 value.

8



percent in 1990, and minimum of -0.58 percent in 2009.

The basic principle governing the setup of ARMA or VAR models is that

the data series are stationary. This requirement is necessary because any use of

past nonstationary values of an independent variable can cause multicollinearity

problems. We conduct augmented Dicky Fuller (ADF) tests on variables of

interests to check the level that stationary is established. The results reveal that

the completion rate (CompR), absorption rate (AboR), and vacant rate (VacR)

are stationary variables. But we cannot reject that log rent (Rent) have unit root.

As showed in Figure 1, the time series of rent clearly has a time trend. To solve

this problem, we use a detrended log rent (Drent) instead of rent in our forecast

model. The ADF test cannot reject the detrended rent as stationary.8

We start our forecast by determining the optimal number of AR, MA, or

VAR lags based on the Akaike Information Criterion (AIC). We then estimate

parameters for the optimal forecast model. Finally, we conduct forecast

and calculate the confidence intervals both by traditional method and by

bootstrapping.

6 Forecasting

The estimates for ARMA models and their standard errors are presented in Table

1 through Table 4. Based on AIC, we estimate ARMA (1,0) model for detrended

log rent (Drent) and absorption rate (AboR), and then estimate ARMA (1,1)

model for vacant rate (VacR) and completion rate (CompR). All the four variables

are found to be positively correlated to their values in the previous period, which

indicates persistent time trends. The forecasting of the four variables based on

ARMA model is plotted from Figure 2 to Figure 5. The ARMA models predict

that the detrended rent will increase from -.0082 in 2014 to -.063 in 2018, the

vacant rate will decreases from 3.10 percent in 2014 to 2.82 percent in 2018, the
8One caveat worth pointing out here is that our data sample is relatively small for giving rise a powerful

ADF test.
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completion rate will decrease from 0.415 percent in 2014 to 0.3592 percent in

2018, and the absorption rate will decrease from 0.528 percent in 2014 to 0.461

percent in 2018.

The estimates for ARMA models and their standard errors are presented in

Table 5 through Table 8. Table 5 and Figure 6 report the estimation and forecast

results for the model of rent and vacant rate. Our forecast model predicts the

trends of rent and vacant rate will continue for the next five years. To be more

specific, the average rent in Los Angeles will increase, for a total growth of

9.3 percent between 2014 and 2018. At the same time, the model predicts that

vacancy rates will continue to decrease from 2.53 percent in 2014 to 2.32 percent

in 2016, but will start to increase to 3.22 percent in 2019.

Table 6 and Figure 7 report the estimation and forecast results for annual

completion rate and annual absorption rate models. Our forecast model predicts

relative stable trends of annual completion rate and annual absorption rate for

the next five years. Specifically, the average annual completion rate in Los

Angeles will decrease, from 0.56 percent in 2014 to 0.48 percent in 2018. At the

same time, the average annual absorption rate will decrease from 0.35 in 2014

to 0.26 percent in 2016 and then increase to 0.32 percent in 2018. The estimation

and forecasting results for VAR models with employment are similar to those

without employment, which are presented from Table 7 and Table 8 and Figure

8 and Figure 9.

We plot the confidence intervals generated from the traditional method,

which assumes that the forecast errors are normally distributed, and these based

on the bootstrap method in Figure 2 through Figure 9. The confidence intervals

from bootstrapping have wider confidence bands in both ARMA models and

VAR models. The difference between the two intervals captures the forecast

errors caused by the conditional errors, which are ignored by the traditional

method. Ignoring conditional errors causes substantial errors. As it is shown in

Figure 8, for the VAR model of vacant rate, rent, and employment, the confidence

intervals based on bootstrapping are almost twice as wide as those calculated
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from the traditional method. As in Figure 9, for the VAR model of annual

completion rate, annual absorption rate, and the employment, the difference of

the confidence intervals between these two methods is relatively small. But for

the first forecasting period, the confidence interval for the completion rate is also

about one half wider than the one calculated from the traditional method.

7 Conclusion

In this paper, we evaluate the forecasting models for rental market. Unlike

previous studies, we use bootstrapping method to calculate confidence intervals.

We find that in the forecast context of rental market, when the estimation sample

is small, the traditional forecast method tends to underestimate forecast errors

and produces narrower confidence intervals. Our results suggest, in order to

obtain more reliable and precise forecasting, one should correct those forecast

errors using method like bootstrap.
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Table 1 Detrend log(Rent): ARIMA(1,0,0)  

 

Parameter Value Std. Error t-Statistic 

Constant -0.0041 0.0081 -0.4984 

AR{1} 0.8802 0.1812 4.8581 

Variance 0.0014 0.0006 2.2317 

 

 

 

 

Table 2 Vacant Rate: ARIMA(1,0,1) 

 

Parameter Value Standard Error t-Statistic 

Constant 0.8742 0.6342 1.3784 

AR{1} 0.7768 0.1430 5.4317 

MA{1} 0.2736 0.2638 1.0374 

Variance 0.3279 0.1404 2.3356 

 

 

 

Table 3 Completion Rate: ARIMA(1,0,1) 

 

Parameter Value Standard Error t-Statistic 

Constant 0.0731 0.0982 0.7446 

AR{1} 0.7762 0.0620 12.5151 

MA{1} -0.2582 0.2066 -1.2499 

Variance 0.0871 0.0247 3.5178 

 

 

 

 

Table 4 Absorption Rate: ARIMA(1,0,1) 

 

Parameter Value Standard Error t-Statistic 

Constant 0.1786 0.1400 1.2757 

AR{1} 0.6033 0.1654 3.6477 

MA{1} -0.4007 0.3264 -1.2278 

Variance 0.3264 0.1351 2.4164 

 

 

 

 

 

 

 

 

 



Table 5 Detrend log(Rent) and Vacant Rate: VAR(1) 

 

Parameter Value Standard Error t-Statistic 

a(1) 0.0839 0.0241 3.4862 

a(2) 0.2975 0.3422 0.8695 

AR(1)(1,1) 0.8219 0.0887 9.2662 

(1,2) -0.0212 0.0056 -3.8157 

(2,1) 6.3801 1.2608 5.0605 

(2,2) 0.9042 0.0789 11.4575 

Q(1,1) 0.0008 
  

Q(2,1) -0.0034 
  

Q(2,2) 0.1707 
  

 

 

 

 

Table 6 Detrend log(Rent) ,Vacant Rate and log (Employment): VAR(1) 

 

Parameter Value Standard Error t-Statistic 

a(1) -5.7040 5.7800 -0.9868 

a(2) 33.4959 83.5846 0.4007 

a(3) 3.7408 2.7582 1.3563 

AR(1)(1,1) 0.7191 0.1345 5.3474 

(1,2) -0.0121 0.0106 -1.1363 

(1,3) 0.3783 0.3778 1.0014 

(2,1) 6.9696 1.9447 3.5839 

(2,2) 0.8518 0.1535 5.5506 

(2,3) -2.1698 5.4630 -0.3972 

(3,1) -5.7040 5.7800 -0.9868 

(3,2) 33.4959 83.5846 0.4007 

(3,3) 3.7408 2.7582 1.3563 

Q(1,1) 0.7191 0.1345 5.3474 

Q(2,1) -0.0121 0.0106 -1.1363 

Q(2,2) 0.3783 0.3778 1.0014 

Q(3,1) 6.9696 1.9447 3.5839 

Q(3,2) 0.8518 0.1535 5.5506 

Q(3,3) -2.1698 5.4630 -0.3972 

 

 

 

 

 

 

 

 

 



Table 7 Completion and Absorption Rates: VAR(1) 

 

 

Parameter Value Standard Error t-Statistic 

a(1) 0.1100 0.0737 1.4927 

a(2) 0.2659 0.1623 1.6382 

AR(1)(1,1) 0.6076 0.1028 5.9108 

(1,2) 0.0772 0.0893 0.8642 

(2,1) 0.0661 0.2263 0.2918 

(2,2) 0.3548 0.1967 1.8036 

Q(1,1) 0.0638 
  

Q(2,1) 0.0361 
  

Q(2,2) 0.3093     

 

 

 

 

Table 8 Completion Rate, Absorption Rates and Log(Employment): VAR(1) 

 

Parameter Value Standard Error t-Statistic 

a(1) -31.7677 20.7231 -1.5330 

a(2) 67.1394 45.8377 1.4647 

a(3) 1.5445 1.3680 1.1290 

AR(1)(1,1) 0.5749 0.1003 5.7301 

(1,2) 0.0765 0.0852 0.8973 

(1,3) 2.0984 1.3641 1.5383 

(2,1) 0.1345 0.2219 0.6061 

(2,2) 0.3563 0.1885 1.8900 

(2,3) -4.4021 3.0174 -1.4589 

(3,1) -0.0289 0.0066 -4.3619 

(3,2) 0.0186 0.0056 3.3056 

(3,3) 0.8989 0.0900 9.9820 

Q(1,1) 0.0581 
  

Q(2,1) 0.0481 
  

Q(2,2) 0.2841 
  

Q(3,1) 0.0016 
  

Q(3,2) 0.0056 
  

Q(3,3) 0.0003     
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Figure 6: Forecast confidence interval: 1990−2013 VAR(1)Figure 6: Forecast confidence interval: 1990−2013 VAR(1)
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Figure 7: Forecast confidence interval: 1990−2013 VAR(1)Figure 7: Forecast confidence interval: 1990−2013 VAR(1)
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Figure 9: Forecast confidence interval: 1990−2013 VAR(1)Figure 9: Forecast confidence interval: 1990−2013 VAR(1)Figure 9: Forecast confidence interval: 1990−2013 VAR(1)
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