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1. INTRODUCTION 

National statistical offices publish quarterly estimates that mimic the quarterly 

movements of indicator series whilst adhering to high quality level estimates with annual 

timing. There is inevitably a delay between the availability of the quarterly indicator and 

the availability of the relevant annual benchmark, requiring a forecasting/extrapolation 

approach to produce initial quarterly estimates. The published quarterly estimates are 

then revised when the annual benchmark becomes available. This study aims to identify a 

combination of benchmarking and forecasting methods that will produce quarterly 

estimates that preserve the movement of indicator variables, meet annual benchmarks, 

and minimise revisions to published quarterly estimates.  

Several different methods are available for the problem of benchmarking a quarterly 

indicator series to produce Quarterly National Accounts estimates (“QNAs”) and revising 

these estimates as later data become available. Among the most prominent are 

Proportional Denton-Cholette, Proportional Cholette-Dagum Regression-Based, and 

Chow-Lin Regression-Based[1][2][3].  

Because annual benchmarks are not available for the most recent quarters, each of these 

methods also requires some form of extrapolation to produce the forward series. Some 

methods do this through the same process that benchmarks data from previous years, e.g. 

fitting a regression model on benchmarked years. Alternately, extrapolation can be done 

as a separate step, using benchmarked estimates as input for a model that forecasts 

benchmark-indicator relationships for the forward series, e.g. [2] pp. 15-18.  

Australia’s QNAs use Proportional Denton-Cholette benchmarking. The benchmark-

indicator ratio (“BI ratio”) from the last benchmarked quarter is carried forward to all 

non-benchmarked quarters. Our colleagues previously found that other forecasting 

techniques may give better predictions for BI ratios[4]. Here we test whether this 

improved forecasting can translate into improved initial estimates, with reduced bias and 

revisions, when implemented in a realistic publication cycle using only data that would 

be available at the time of estimation. 
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2. METHODS 

2.1. Benchmarking and forecasting methods 

We tested five benchmarking methods available in the R tempdisagg package [5] (Chow-

Lin-maxlog, Fernandez, Litterman, Denton-Cholette, original Denton). We also tested 

our own implementations of Di Fonzo and Marini’s enhancement to proportional 

Denton[6] (“Denton-Enhanced”) and of proportional Cholette-Dagum[3] with 

autoregressive parameters set at 0.84 and 0.93 (“DC0.84” and “DC0.93” below).  

We combined these with several forecasting methods, including random-walk (RW) and 

random-walk with drift (RWD), auto.arima, and ETS, all available from the forecast 

package in R[7]. The forecasting methods were applied to the quarterly BI ratios or, in 

the case of the enhanced Denton method, the annual BI ratios. Forecast method “none” 

indicates the default forward-estimate calculation for the benchmarking method in 

question; for Denton-Cholette and Denton-Enhanced this is equivalent to random-walk 

forecasting. Some benchmark/forecast combinations were excluded because of 

implementation issues. 

In this study we simulate the timing of benchmarking in the Australian quarterly national 

accounts. Benchmarking is done over a five-year window of the data and extrapolation is 

required for up to eight quarters ahead of the most recent annual benchmark[8]. 

2.2. Data and Metrics 

We tested methods on a range of Australian QNA series: 13 seasonally-adjusted Industry 

series and 44 Public Capital series containing seasonal effects. Several of these series 

show evidence of long-term structure in the BI ratio, with either gradual or abrupt 

changes. We also used simulated data to explore how various characteristics of data 

might affect model performance, e.g. whether an abrupt change in BI ratios can cause 

large revisions to the back series. 

We assessed methods based on three main metrics:  

- Difference between movements in the final benchmarked estimates, and 

movements in the indicator  

- Magnitude x timeliness of revision effects on movements (i.e. how quickly do 

estimates for each quarter approach the final estimate?) 

- Absolute estimated bias of initial vs final estimates (i.e. for a given series, does 

the forecasting method consistently over/under-predict the final estimate?)  

We scaled metrics relative to series volatility, using a method based on Mean Absolute 

Scaled Error, in order to improve comparisons and interpretation between different 

series. Methods are assessed based on averaged performance over multiple series, but we 

also plotted results for individual series results to identify outliers etc.  

3. RESULTS 

Random-walk BI forecasting consistently gave the best performance for revisions, in 

both seasonal and non-seasonal data, especially when combined with Denton-enhanced 

benchmarking. RWD and extrapolating the mean growth showed slightly worse results 

for revisions, but gave much smaller bias. Figure 1 shows average bias and revisions 

metrics for each method across the Industry series; the best compromise options appear 

to be Denton-Enhanced, Cholette-Dagum, or Denton-Cholette, combined with either 
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RWD or mean growth forecasting (mean growth not tested for Denton-Enhanced). 

Original Denton consistently gave large revisions and has been excluded from further 

consideration. These findings also hold for Public Capital (not shown). 
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Figure 1. Bias and revisions for Industry series (original Denton not shown) 

All methods showed similar performance in following indicator movement for non-

seasonal Industry data. On Public Capital data, Denton-Enhanced, Denton-Cholette, and 

Cholette-Dagum all performed equally well at following indicator movement: the mean 

discrepancy between indicator and estimate movements was approximately 0.9% of the 

quarter-to-quarter variation in movements (some of which is seasonal). Chow-Lin, 

Fernandez, and Litterman did worse, largely due to poor performance on two badly-

behaved data sets.  

Results on synthetic data sets suggested that regression-based methods work well for data 

where there is no long-term structure in the BI ratio, but tend to do poorly when such 

structure exists, unless their residuals model is capable of reflecting this structure. 

 

Table 1. Comparison of metrics for selected methods 
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method Industry Public Capital 

benchmarking BI forecasting revisions bias revisions bias 

Cholette Dagum  
(phi = 0.93) 

none 1.8037 1.1828 0.0776 0.0890 

RW 1.7796 0.8384 0.0766 0.0608 

RW with drift 1.9359 0.2700 0.0863 0.0069 

Litterman 
RW 1.9811 0.7570 0.1365 0.0693 

RW with drift 2.2206 0.1961 0.1436 0.0205 

Denton-Cholette 
RW 1.7854 0.7923 0.0769 0.0576 

RW with drift 1.9792 0.2366 0.0882 0.0072 

Denton - enhanced  
(Di Fonzo and Marini) 

RW 1.6588 0.8742 0.0701 0.0645 

RW with drift 1.9410 0.2456 0.0821 0.0167 

4. CONCLUSIONS 

Simple forecasting methods can be effective in reducing bias for initial estimates and 

magnitude/delay of revisions. For regression-based benchmarking methods, a random-

walk BI forecasting approach produced the smallest/earliest revisions. (For Denton 

methods, this is already the default forecasting method.) 

Random-walk-with-drift and mean-growth forecasting methods produce slightly higher 

revisions but much lower bias, and may be a good compromise. These methods are best 

combined with Denton-Cholette, Denton-Enhanced (Di Fonzo-Marini), or Cholette-

Dagum benchmarking. We provide a matrix-form expression for Denton-Cholette RWD 

estimation, allowing for easy implementation in a production environment. 

Further work is discussed including an investigation of the ideal data span over which 

benchmarking is done. Also, the possible need for prior correction of indicator series to 

account for changes in source data is discussed with some approaches suggested. 
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