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SUMMARY
An important feature in estimating the population mean in sample surveys is the use of either current observations or past information, which is 
available as auxiliary information. The ratio and regression methods of estimation are popular approaches for estimating the population mean using 
auxiliary information. In most of these surveys, the auxiliary information is available from the past and may change over time when used. This paper 
examines how this information will affect the estimation process and how the ratio and regression estimation methods are affected by such a change 
in the auxiliary information.
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1.	 INTRODUCTION
In survey sampling and statistical estimation, 

auxiliary information refers to additional data related to 
the population that is used to improve the accuracy and 
efficiency of estimators for population parameters such 
as totals, means, or proportions. The use of auxiliary 
information to improve the estimation of population 
parameters assumes that suitable observations on the 
auxiliary variables are available. Such a supposition 
is frequently challenged in a variety of practical 
applications. For example, observations on the auxiliary 
variables may lack temporization. Methods like ratio 
estimation, regression estimation, and calibration 
techniques rely heavily on the availability of such 
auxiliary variables. The fundamental assumption 
underlying the use of auxiliary information is that 
reliable and relevant observations for these variables 
are available at the time of estimation.

However, in many practical situations, this 
assumption is difficult to satisfy. One common issue is 
the lack of temporization, meaning that the auxiliary 
information does not correspond to the same time 

period as the study variable. When auxiliary data are 
outdated, incomplete, or inaccurate, their usefulness 
in improving statistical estimates is reduced. This 
discrepancy can introduce bias or reduce the efficiency 
gains expected from the use of auxiliary variables.

For instance, consider the estimation of the total 
production of a wheat crop in a particular region. 
Suppose agricultural statisticians use plot acreage as 
an auxiliary variable, assuming that crop production 
is positively correlated with the size of the cultivated 
area. Ideally, accurate and up-to-date records of the 
acreage of each plot would be available. In practice, 
however, such information may come from old land 
records maintained by local administrative authorities. 
These records may not reflect recent changes in land 
ownership, subdivision of plots, changes in cropping 
patterns, or conversion of agricultural land to non-
agricultural use. As a result, the auxiliary variable—
plot acreage—may not accurately represent the current 
situation. When outdated acreage values are used in 
estimation procedures, the resulting estimate of total 
wheat production may be less reliable.
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A similar issue arises in the estimation of total 
consumption of a food item in the urban areas of a 
state when districts are treated as sampling units. In 
such studies, the urban population of each district is a 
natural auxiliary variable because consumption of most 
food items is closely related to the number of people 
living in the area. Typically, the easiest source of this 
information is past census data, which provides official 
counts of the urban population. However, census data are 
collected only at long intervals (often every ten years). 
Between two censuses, rapid urbanization, migration, 
or administrative boundary changes can significantly 
alter the population distribution. Therefore, the census-
based population figures used as auxiliary information 
may not correspond to the actual population at the 
time of the survey. Because the auxiliary data are not 
contemporaneous with the study variable, their ability 
to improve the precision of estimates becomes limited.

In such situations, the auxiliary information is said 
to be “effaced” or weakened, meaning that its practical 
value in improving estimation is diminished. While 
auxiliary variables theoretically enhance estimator 
performance, their benefits depend critically on 
timeliness, accuracy, and strong correlation with the 
study variable. When these conditions are not met, the 
expected gains from using auxiliary information may 
not fully materialize.

Another practical example is the estimation of 
total household electricity consumption in a city, 
using the number of registered households as an 
auxiliary variable. Electricity consumption in a region 
is generally strongly correlated with the number of 
households, making household count a useful auxiliary 
variable. In a survey designed to estimate total 
electricity usage, researchers might rely on municipal 
housing records or previous census data to obtain 
the number of households in each ward of the city. 
However, these records may not be fully up to date. 
Urban areas often experience rapid construction of new 
residential buildings, informal housing developments, 
and population growth driven by migration. If the 
household counts used as auxiliary information are 
from municipal records compiled several years earlier, 
they may significantly underestimate the current 
number of households. Conversely, some areas might 
experience depopulation or redevelopment, leading 
to over estimation. Because the auxiliary variable 
-household count - does not accurately represent 

the present conditions, the relationship between the 
auxiliary variable and electricity consumption becomes 
distorted. As a result, the estimator that relies on this 
outdated auxiliary information may produce biased or 
inefficient estimates of the total electricity consumption 
of the city.

Similarly, consider the case of knowledge or 
education, an important auxiliary variable in many 
social science surveys, such as opinion surveys. Here, 
the education of a respondent is generally measured by 
the number of years of schooling. While this is a simple 
as well as a reasonable measure, it fails to take into 
account the knowledge cultivated by the respondent 
with the passage of time, for example, through television 
programmes, personal experiences, magazines, and 
newspapers, to namea few. Thus, the observations on 
the number of years of schooling should be updated. In 
its absence, the auxiliary information will be somewhat 
polluted. In such circumstances, a natural question 
arises: Is it worthwhile to use auxiliary information that 
lacks temporization?

Auxiliary information can significantly improve 
statistical estimation, but its effectiveness depends on 
the availability of accurate, timely, and relevant data. 
When auxiliary variables are based on outdated records 
or observations that do not correspond to the current 
study period, their usefulness diminishes, potentially 
affecting the reliability of the resulting estimates.

The literature on sampling is rich on the issue of 
using the auxiliary information; see Cochran (1991), 
Sukhatme et  al. (1984), etc., for basic details. It is 
important to note that this literature lacks a discussion 
of the temporalization of information on auxiliary 
variables. Also, the estimation criterion, e.g., uniformly 
minimum variance unbiased estimators, does not help 
ensure that such an issue is addressed. Also, goodness-
of-fit measures or variable selection criteria have 
been proposed for different estimation procedures and 
modelling approaches. For example, the coefficient of 
determination in multiple linear regression modelling 
does not address the use of auxiliary information when 
it lacks temporization; see Shalabh et al. (2021, 2025), 
Dhar et  al. (2021, 2022, 2026), Shalabh and Dhar 
(2021, 2023), Dhar and Shalabh (2022), etc. The main 
objective of this paper is to discuss the problem of 
temporization, which can occur across many areas and, 
to the best of our knowledge, remains an unexplored 
research topic.
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This article is an attempt in this direction. To keep 
the exposition simple and illustrative, we have restricted 
our attention to the estimation of the population mean 
using the conventional ratio and regression methods of 
estimation. The main result is presented in Section 2, 
followed by some remarks in Section 3.

2.	 ANALYSIS OF THETEMPORIZATION 
EFFECT
Let us be given a simple random sample of size n  

from a finite population of size N  for the estimation of 
the population mean Y of the study characteristic Y . 
The sample mean y  is well known to be an unbiased 
estimator of Y  with variance as
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When the information on an auxiliary characteristic 
X  is available, there are several ways to incorporate it 
to improve the estimation of Y . Among them, an 
important way is to use the auxiliary information at the 
estimation stage. For example, if we employ the 
conventional ratio and regression methods, we get the 
following estimators:
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see, e.g., Cochrane (1991), Sukhatme et al. (Chapters 5 
and 6, 1984).

Both the estimators (2) and (3) are generally 
biased, and large sample approximations for their mean 
squared errors are given as
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X  and ρ  is the population correlation 

coefficient between X  and Y , see Cochrane (1991), 
Sukhatme et  al. (Chapters 5 and 6, 1984) for the 
derivation of these results.

When the observations on the study and auxiliary 
characteristics in a sample survey are not taken 
contemporaneously, and the available observations on 
X  are not temporised, the estimators (2) and (3) lose 
their utility and applicability. Let us therefore suppose 
that we are given values * * *

1 2, , ,… nx x x , which are not 
updated due to one reason or another. We further 
assume that such observations, being far in the past, 
have increased/decreased in unknown proportions and 
are expressible as

* = +i i iX pX U

where p  is an unknown constant and iU  is a random 
variable with mean zero, so that * . =X pX

It is assumed that iU ’s are stochastically 
independent of iX ’s, *

iX ’s and iY ’s.
Now, if we employ the effaced information on 

auxiliary variables, we get the following estimators:
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It is easy to verify that both estimators are generally 
biased. Further, the large sample approximation for 
their mean squared errors is given by
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Comparing (8) with (4) and (9) with (5), we 
observe that the use of auxiliary information that is not 
temporised invariably results in a loss of efficiency, 
irrespective of the estimation method used.

Next, look at us compare (8) and (9) with (1). It is 
seen that the ratio method is better than the traditional 
unbiased method when
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provided that the quantity on the right-hand side of (10) 
does not exceed one.

Notice that the range of ρ , as specified by (10), 
holds for the superiority of the ratio estimator over the 
sample mean and is shorter than the corresponding 
range when contemporaneous auxiliary information is 
available.

On the other hand, discarding auxiliary information 
is a better strategy when the inequality (10) holds with 
the opposite sign. In fact, the non-contemporaneous 
information in the ratio method should not be used at 
all as long as
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Interestingly, we observe from (1) in (9) that 

the regression method continues to provide efficient 
estimation of the mean relative to the traditional sample 
mean, an unbiased estimator, whether the auxiliary 
information is contemporaneous or not.

Finally, from (8) and (9), we observe that the 
difference between the mean squared errors to the order 
of our approximation is
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which is not necessarily non-negative, implying that 
the ratio method may often outperform the regression 

method when the auxiliary information is not 
temporized.

3.	 SOME REMARKS
We have considered the estimation of the population 

mean by the conventional ratio and regression methods 
when contemporaneous observations on the auxiliary 
characteristics are unavailable and have analysed their 
efficiencies. The general conclusion emerging from 
the investigation is that cooperation with this type of 
auxiliary information should be taken with higher caution.
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