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1.Introduction 
 
This guidelines for data processing, validation and quality control of survey data contribute to 

enhancing the methodological aspects of the development/production of new indicators by following 

international standards and best practices. The adaptation of standardized methodologies and 

procedures for the production of new and additional indicators will enable SCAD to ensure that its 

statistical processes comply with commonly agreed standards for survey methodology and procedures. 

In general, the methodological aspects are similar for each category of surveys, so that the guidelines 

are presented by type of survey: Household, business and government surveys . 

For all statistical processes, in particular for statistical surveys, the Generic Statistical Business 

Process Model (GSBPM) can be used to describe the different phases and sub-phases of the statistical 

work. 

This document is structured as follows: after this introduction (section 1), a summarized introduction on 

GSBPM and descriptions on its main phases and sub- phases, related to the activities of data processing, 

validation and quality control of survey data, are presented under section 2. Section 3 presents 

specificities for each type of survey.    

  

2.The Generic Statistical Business Process Model 
 

The Generic Statistical Business Process Model (GSBPM)*, adopted by statistical offices of the most 

advanced countries in this field (Figure 1), is useful for describing all phases of statistical production and 

dissemination. This model is intended to guide the planning of surveys and other statistical operations 

through the systematic review of all processes and flow management from the earliest stages of 

preparation to dissemination, documentation and archiving 

A comprehensive suite of materials on the GSBPM is available (under Creative Commons Attribution 4.0 

International License) at https://statswiki.unece.org/display/GSBPM/GSBPM+Resources+Repository . 

This document extracts the sections relevant for the statistical processes of a sample “survey” (not 

necessarily for other processes such as the production of statistics based on administrative sources), in 

particular the phases of data processing. , validation and quality control. References to SCAD work are 

highlighted in the text. 

The activities of data processing, validation and quality control are comprised in Phase 5 “PROCESS” 

and Phase 6 “ANALYSE” which are described generically in this section. 

 * This section is based on the Statswiki of the UN Economic Commission for Europe 

(https://statswiki.unece.org/display/GSBPM/GSBPM+v5.1) which is provided for the use of all statistical 

offices. As the GSBPM is a statistical standard, the definitions of phases and sub-phases are kept as in 

the original wiki document. The original document on the GSBPM is licensed under the Creative 

Commons Attribution 4.0 International License. It is attributed to the UN Economic Commission for 

Europe on behalf of the international statistical community. 
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Figure 1: Generic Statistical Business Model (Ver. 5.1) 

 

 

Note that the "Process" and "Analyse" phases can be iterative and parallel. Analysis can reveal a 

broader understanding of the data, which might make it apparent that additional processing is needed.   

 

2.1 Process Phase (Phase 5 of GSBPM) 
 
Figure 2: GSBPM Phase “PROCESS” 

 

 

This phase “PROCESS” describes the processing of input data and their preparation for analysis. 

It is made up of sub-processes that integrate, classify, check, clean, and transform input data, so that 

they can be Analysed and disseminated as statistical outputs. For statistical outputs produced regularly, 

this phase occurs in each iteration. 

Activities within the "Process" and "Analyse" phases may also commence before the "Collect" phase is 

completed. This enables the compilation of provisional results where timeliness is an important concern 

for users and increases the time available for analysis. 
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The “Process” phase is broken down into eight sub-processes (Figure 2), which may be sequential, 

from left to right, but can also occur in parallel, and can be iterative. These sub-processes that are relating 

to the activities of processing, validation and calculating weights of survey data are: 

 

Phase 5.1. Integrate data 

This sub-process integrates data from one or more sources. It is where the results of sub-processes in 

the "Collect" phase are combined. The input data can be from a mixture of external or internal sources, 

and a variety of the collection instruments, including extracts of administrative and other non-statistical 

data sources. This sub-process also includes harmonizing or creating new figures that agree between 

sources of data. The result is a set of linked data. Data integration can include: 

• Combining data from multiple sources, as part of the creation of integrated statistics such as 

national accounts; 

• Combining geospatial data and statistical data or other non-statistical data; 

• Data pooling, with the aim of increasing the effective number of observations of some 

phenomena; 

• Matching or record linkage routines, with the aim of linking micro or macro data from different 

sources; 

• Data fusion - integration followed by reduction or replacement; 

• Prioritizing, when two or more sources contain data for the same variable, with potentially 

different values. 

Note that in the case of the 6 additional surveys, the main data source is precisely the survey. Data 

sources which may be combined include administrative registers on households, businesses and 

government institutions. This will not be discussed in this document as the possibility of combination 

should be Analysed after a thorough analysis of existing administrative data sources.  

 

Phase 5.2. Classify and code 

This sub-process classifies and codes the input data. For example, automatic (or clerical) coding routines 

may assign numeric codes to text responses according to a pre-determined statistical classification to 

facilitate data capture and processing. Some questions in the survey questionnaires have coded 

response categories on the questionnaires, others are coded after collection using an automated process 

(which may apply machine learning techniques e.g. for coding retail sales) or an interactive, manual 

process. 

Coding is the process of assigning a numerical value to responses to facilitate data capture and 

processing in general. 

When determining the coding scheme, the goal should be to classify responses into a meaningful set of 

exhaustive and mutually exclusive categories that bring out the essential pattern of responses. For some 

questions, coding may be straightforward (e.g., marital status). In other cases, such as geography, 

industry and occupation, a standard coding system may exist. But for many questions no standard coding 

system exists and determining a good coding scheme is a nontrivial task. The coding scheme should be 

consistent and logical and take into account how detailed the codes should be in light of the purpose of 
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the survey and tabulations or data analysis to be performed. It is best to start with a broad list, since too 

few categories can be misleading and a large other category can be uninformative. Categories can always 

be collapsed but it is difficult to split categories after the fact. 

 

The type of interview should be considered when determining the response categories for a closed 

question. To simplify coding, ideally all questions on a questionnaire would be closed with a short list of 

response categories. In practice, this is not always possible and sometimes open questions are 

necessary. 

 

• Pre-coding Closed Questions: The response categories for closed questions can be 

pre-coded on the questionnaire. With computer-assisted collection methods, the codes 

are automatically captured when the interviewer or respondent selects an answer. 

• Automated Coding of Open Questions: In general, two files are input to an automated 

coding system. One file contains the survey responses that are to be coded, referred to 

as the write-in file. The second file is called the reference file and contains typical written 

responses (or phrases) and their corresponding numeric codes. 

Data capture is the transformation of responses into a machine-readable format. With computer- based 

collection methods, capture occurs at the time of collection. 

Editing is the application of checks to identify missing, invalid or inconsistent entries that point to data 

records that are potentially in error. Editing usually identifies non-sampling errors arising from 

measurement (response) errors, nonresponse or processing. Editing can occur at several points 

throughout the survey process and ranges from simple preliminary checks performed by interviewers in 

the field to more complex automated verifications performed by a computer program after the data have 

been captured. 

Equally important, the layout and structure of the questionnaire have an impact on the edit rules. Edits 

should verify that responses respect the logical flow of the questionnaire. This is often manifested through 

the use of go to or skip instructions which imply that certain questionnaire items do not apply to certain 

categories of respondents and therefore the respondent is to skip to another question. 

There are three main categories of edits: validity, consistency and distribution edits. Validity and 

consistency edits are applied one questionnaire at a time.  

• Validity edits verify the syntax of responses and include such things as checking for non-

numeric characters reported in numeric fields and checking for missing values. Validity edits 

can also check that the coded data lie within an allowed range of values.  

• Consistency edits verify that relationships between questions are respected. Consistency 

edits can be based on logical, legal, accounting or structural relationships between questions 

or parts of a question. 

• Distribution edits are performed by looking at data across questionnaires. These attempt to 

identify records that are outliers with respect to the distribution of the data. 

Edits during data collection are often referred to as field edits and generally consist of validity edits and 

some simple consistency edits. 
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The most comprehensive and complicated edits are generally carried out as a separate edit and 

imputation stage after data collection. During data capture, edits can be carried out by keyers or 

automatically by computer programs, or by the computer application in the case of computer-assisted 

collection methods. Generally, editing during data capture is minimized since responding to an edit failure 

slows down data capture. Edits during this stage of processing are mainly validity edits and simple 

consistency edits. 

To avoid spending excessive time and resources editing data that have little impact on the final estimates, 

selective editing practices are recommended. The selective editing approach is based upon the idea 

that only critical edit failures need be treated.  

The following are some guidelines for editing: 

I. Edits should be developed by staff who have expertise in the subject matter, questionnaire 

design, data analysis and with other similar surveys. 

II. Editing should be performed at several stages of the survey. 

III. Edits applied at each stage should not contradict edits at some other stage (edits applied 

throughout collection and processing should be consistent with each other). 

IV. Editing should be used to provide information about the survey process, either in the form of 

quality measures for the current survey or to suggest improvements for future surveys. 

V. When starting a survey, some assumptions are made about the data. During editing, it is 

possible to test the validity of these assumptions. For example, it may become obvious that 

some range edits were too strict or that some sequencing edits failed too frequently, 

indicating inappropriate edit rules (or some problems with the questionnaire). This 

information should be used to adjust the edits in the future (or to improve the design of the 

questionnaire). 

VI. Information on the types of edits performed and the impact of editing on the survey data 

should be documented and communicated to users. 

VII. Quality assurance and quality control procedures should be applied to minimize and correct 

errors introduced during editing. 

 

Phase 5.3. Review and validate 

This sub-process examines data to identify potential problems, errors and discrepancies such as outliers, 

item non-response and miscoding. It can also be referred to as input data validation. It may be run 

iteratively, validating data against pre-defined edit rules, usually in a set order. It may flag data for 

automatic or manual inspection or editing. Reviewing and validating can apply to data from any type of 

source, before and after integration, as well as imputed data from sub-process 5.4 (Edit and impute). 

Whilst validation is treated as part of the “Process” phase, in practice, some elements of validation may 

occur alongside collection activities, particularly for modes such as computer assisted collection. Whilst 

this sub-process is concerned with detection and localization of actual or potential errors, any correction 

activities that actually change the data is done in sub-process 5.4 (Edit and impute) 
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Data Validation is an activity verifying whether or not a combination of values is a member of a set of 

acceptable combinations. Data validation assesses the plausibility of data: a positive outcome will not 

guarantee that the data is correct, but a negative outcome will guarantee that the data is incorrect. 

Data validation is a decisional procedure ending with an acceptance or refusal of data as acceptable. The 

decisional procedure is generally based on rules expressing the acceptable combinations of values, but 

the expert validation also considered as an important part of this procedure. Rules are applied to data. If 

data satisfy the rules, which means that the combination expressed by the rules is not violated, data are 

considered valid for the final use they are intended to. 

Data validation focuses on the quality dimensions related to the ‘structure and content of the data’, that 

are accuracy, comparability, coherence.  

It is generally assumed that there are basically two general categories:  

A. Technical integrity of the file, i.e., consistency with the expected IT structural requirements 

(Structural Validation) 

B. Logical and statistical consistency of the data (Content Validation) 

A first broad classification of validation rules distinguishes rules to ensure technical integrity of the data 

file (Category A “Structural Validation”) and rules for logical/statistical consistency validation (Category B 

“Content Validation”). The distinction is useful since the rules used in the two contexts can be very 

different. 

A. Structural Validation: Rules to ensure technical integrity of a data file format and structure: 

• formal validity of entries (valid data type, field length, characters, numerical range) 

• presence of an entry 

• no duplicate units 

• all the values in a field of one data set are contained in a field of another data set (for instance 

contained in a code list(s) 

• each record has a valid number of related records (in a hierarchical file structure) 

B. Content Validation: Rules for logical validation and consistency could be classified using, for 

example, the two following typology dimensions: (1) identity checks vs. range checks (bounds 

fixed/ bounds depending on entries in other fields); and (2) simple checks (based directly on the 

entry of a target field) vs. complex checks (combining more than one field by functions (like sums, 

differences, ratios).   

 

Phase 5.4. Edit and impute 

Where data are considered incorrect, missing, unreliable or outdated, new values may be inserted, or 

outdated data may be removed in this sub-process. The terms editing and imputation cover a variety of 

methods to do this, often using a rule-based approach. Specific steps typically include: 

• Determining whether to add or change data; 

• Selecting the method to be used; 

• Adding/changing data values; 

• Writing the new data values back to the data set, and flagging them as changed; 

• Producing metadata on the editing and imputation process. 
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SCAD has put in place various measures to ensure data accuracy and high-quality standards. The 

auditing stages can be summarized as follows: 

 

• Field Editing: The first phase of editing, where enumerators and controllers review the 

completed questionnaires before submission to office.  

• Office Editing: Completed questionnaires are reviewed by the editing team who reports back to 

field team on errors requiring correction in the field and any persistent errors by enumerators. 

After that, the questionnaires are coded based on economic activity and loaded in the database 

through the data entry system.  

• Electronic Editing: Once the data is in the system, automated checks are run to report on 

systematic field data errors. The following types of edit rules are applied to check for anomalies: 

structure edits, and consistency and validity checks. Automated edit checks are used for: total 

values validations, related variables validations, and logic validations.  

• Other checks: Consist basically in the analysis of time series consistency of micro-data and the 

survey results. 

Office and Electronic editing of data goes through a variety of micro and macro-edits as detailed below.  

• Range edits check that data values are valid, for instance, categorical variables can only have a 

predefined value (e.g. sex can be coded only as 1 or 2). 

• Checks against reference data are an example of a range check and involve a comparison of the 

reported value with external data (such as a reasonable household size range). 

• Skip checks verify that the logic of the questionnaire has been followed, for instance, that the 

correct populations are asked each question; in a CAPI or CATI environment, the program will 

usually determine the skips, so errors should not occur if the programming has been done 

correctly.  

• Consistency checks determine whether the information in the questionnaire is internally 

consistent, for instance, reported age matches reported date of birth. 

• Typographical checks (to find keying errors by the interviewer or data entry operator); these may 

be difficult to find and may be excluded as a result of other edits or through check-add (or ‘control’) 

totals or check digits. 

• Consistency of estimates over time, for instance, use of the Internet by individuals is expected to 

grow over time; 

Imputation techniques for item non-response include the use of algorithmic techniques including deck 

imputation, nearest neighbor imputation and tree-based methods, according to the circumstance.  

It should be noted that imputation is not guaranteed to remove a significant potential problem with non-

response, which is non-response bias – non-respondents cannot be assumed to be similar to 

respondents in their questionnaire responses.  

In general, SCAD treats non-response in a variety of ways according to the circumstanced including:  

• The presentation of unit non-response rates by types of non-response, and for different 

population segments (urban/rural, language groups, etc.).  
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• The presentation of item non-response rates for a selected number of questionnaire items, 

accompanied by a statistical analysis of the distribution of item non-response for different 

population segments.  

• The calculation of different measures of bias and impact. 

The methods of imputation can be grouped into two categories – stochastic or deterministic. Deterministic 

imputation means that, given the respondent data, there is only one possible imputed value. Stochastic 

imputation has an element of randomness: if imputation were repeated on the same dataset, deterministic 

methods would impute the same value each time while stochastic methods might impute a different value 

each time 

More generic details on imputation methods (not specific to any survey) are described in Section 4 of this 

document.  

 

Phase 5.5. Derive new variables and units 

This sub-process derives data for variables and units that are not explicitly provided in the collection but 

are needed to deliver the required outputs. It derives new variables by applying arithmetic formulae to 

one or more of the variables that are already present in the dataset or applying different model 

assumptions. This activity may need to be iterative, as some derived variables may themselves be based 

on other derived variables. It is therefore important to ensure that variables are derived in the correct 

order. New units may be derived by aggregating or splitting data for collection units, or by various other 

estimation methods. Examples include deriving households where the collection units are persons or 

enterprises where the collection units are legal units. 

 

Phase 5.6. Calculate weights 

This sub-process creates weights for unit data records according to the sampling methodology developed 

for each survey. For example, weights can be used to "gross-up" data to make them representative of 

the target population (e.g., for sample surveys or extracts of scanner data), or to adjust for non-response 

in total enumerations. In other situations, variables may need weighting for normalization purposes. It 

may also include weight correction for benchmarking indicators (e.g., known population totals). 

 

Phase 5.7. Calculate aggregates 

This sub-process creates aggregate data and population totals from microdata or lower-level aggregates. 

It includes summing data for records sharing certain characteristics (e.g., aggregation of data by 

demographic or geographic classifications), determining measures of average and dispersion, and 

applying weights from sub-process 5.6 (Calculate weights) to derive appropriate totals. In the case of 

statistical outputs which use sample surveys, sampling errors corresponding to relevant aggregates may 

also be calculated in this sub-process. 

 

Phase 5.8. Finalize data files 

This sub-process brings together the results of the other sub-processes in this phase in a data file (usually 

macro-data), which is used as the input to the "Analyse" phase. Sometimes this may be an intermediate 
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rather than a final file, particularly for business processes where there are strong time pressures, and a 

requirement to produce both preliminary and final estimates. 

 
2.2 Analyse Phase (Phase 6 of GSBPM) 
 
Figure 3: GSBPM phase “ANALYSE” 

 

 

 

In this phase, statistical outputs are produced and examined in detail. It includes preparing statistical 

content (including commentary, technical notes, etc.), and ensuring outputs are “fit for purpose” prior to 

dissemination to users. This phase also includes the sub-processes and activities that enable statistical 

analysts to understand the data and the statistics produced. The outputs of this phase could also be used 

as an input to other sub-processes (e.g. analysis of new sources as input to the “Design” phase). For 

statistical outputs produced regularly, this phase occurs in every iteration. The "Analyse" phase and sub-

processes are generic for all statistical outputs, regardless of how the data were sourced. 

The "Analyse" phase is broken down into five sub-processes (Figure 3), which are generally sequential, 

from left to right, but can also occur in parallel, and can be iterative. The only sub-processes that refers 

to activities of validation of survey data is sub-process 6.2. 

 

Phase 6.2. Validate outputs 

Sub-process 6.2 consists in validating the quality of the outputs produced, in accordance with a general 

quality framework and with expectations. Validation activities can include: 

• Checking that the population coverage and response rates are as required; 

• Comparing the statistics with previous cycles (if applicable); 

• Checking that the associated metadata, paradata and quality indicators are present and in 

line with expectations; 

• Checking geospatial consistency of the data; 

• Confronting the statistics against other relevant data (both internal and external); 

• Investigating inconsistencies in the statistics; 

• Performing macro editing; 

• Validating the statistics against expectations and domain intelligence. 

This phase requires having in place a system for quality control. 

Quality control refers to the efforts and procedures that the survey team puts in place to ensure the 

quality and accuracy of data being collected using the methodologies chosen for a particular household 

or business survey (also applicable to government institutions surveys). Quality-control efforts vary from 

study to study and can be applied to questionnaires and the computerized programs that control them, 
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sample management systems to ensure proper case processing, the monitoring of appropriate 

interviewer behavior, and other quality-control aspects of the survey process, all of which can affect the 

quality of data and thus the results. 

The quality of the data collected will determine the quality of aggregate indicators, whichever survey 

vehicle is used. Controls at data entry stage (whether by respondents or interviewers) are more effective 

than corrections at later stages. In this sense, computer assisted personal interviewing (CAPI) or 

computer-assisted telephone interviewing (CATI) systems enable good quality control, since data 

collection and entry are simultaneous. Note that controlling for data quality after data capture requires 

actions that can be costly or introduce bias to the results, for example: 

• Re-contacting a household or a business and asking it to respond to, or clarify, questions 

that were asked perhaps weeks or months before is not always feasible, annoys the 

respondent and gives a poor image of the statistical office; in addition, it can significantly 

increase the costs of the operation if the number of re-contacts is high; 

• Estimating responses to individual questions that have not been answered, or amending 

answers that are not valid, can be a complex technical exercise (though should result in 

unbiased responses if done correctly), and 

• Ignoring an incorrect questionnaire, although sometimes the only solution, is an action with 

consequences, since the effective sample diminishes and bias may be introduced. 

Although it is impossible to carry out a survey without errors in data collection, there are measures that 

can be put into practice by statistical offices, which will help to minimize the error rate. Examples of such 

measures are: 

• Establishing good frames that include in-scope businesses and are free of coverage errors 

such as inactive businesses or erroneous addresses; 

• Providing suitable training to interviewers on the questionnaire contents (especially required 

for complex technical concepts), and on dealing with respondents; 

• Preparing questionnaires so that questions are worded in a correct, clear and unambiguous 

manner, and respondents can perceive a logical flow in the order of questions (especially in 

self-administered questionnaires); 

• Filtering the collected data by a series of controls that are applied at the moment of data 

capture and in the data entry process; 

• Giving wide publicity before the start of the survey, highlighting the relevance of data 

collection for national policies and therefore the need for respondents’ collaboration. This 

may include a mention of the compulsory response required in countries where the statistical 

law grants this; and 

• Establishing a policy of incentives and sanctions that encourage the provision of good 

answers to interviews or questionnaires. 

The quality of a survey is of prime importance for accurate, reliable and valid results. Survey teams should 

implement systematic quality assurance procedures to prevent unacceptable practices and to minimize 

errors in data collection. 
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Quality measures are defined as those items that provide information about potential problems at a 

given point in the process. The output quality dimensions) serve as dimensions that have to be 

accounted for in the quality assurance plan. The output quality dimensions of survey results covers 

aspects such as: 

• Reliability or accuracy- do the results accurately measure the target variable? 

• Timeliness - are the results released in time to be useful to policy makers and analysts? 

• Comparability - do the results provide a consistent time series without breaks due to changes 

• in the sample coverage, classifications or definitions? 

• Transparency - can users discover how the survey was conducted and draw meaningful 

• conclusions about the value of the results? 

• Accessibility - can users easily find the results either in hard copy or electronic form? 

The traditional concept of statistical quality of estimators is that of accuracy:  

Accuracy of estimates from surveys reflects both sampling error (precision) and non-sampling error. In 

practice, there may need to be a trade-off between sampling and non-sampling error. For example, use 

of smaller sample sizes will generally increase sampling error. However, it may also enable more careful 

data collection and processing, thus reducing non-sampling error. 

The precision of an estimate reflects the sampling error so the concept applies to sample surveys, rather 

than to censuses. Precision can be expressed as the coefficient of variation (CV), also called relative 

standard error (RSE). The CV is calculated as the standard error of the estimate divided by the value of 

the estimate. It may then be multiplied by 100 to convert it to a percentage (for instance, as 3 per cent of 

the value of the estimate). This method of expressing precision provides scale in relation to the estimate 

and also enables simple comparison of the sampling error around different estimates and between 

countries. 

For estimates that are proportions and are expressed as percentages, the precision may be expressed 

as the standard error in percentage points. 

Sampling error can also be expressed as a confidence interval around an estimate, for example, a 95 per 

cent confidence interval refers to the probability (95 per cent) that the parameter to be estimated will lie 

within an interval around the estimate of +/– 2 standard errors. This calculation assumes that the estimate 

conforms with a normal statistical distribution, an assumption that usually applies well to large samples. 

Non-sampling error includes all statistical error that is not attributable to sampling. It therefore applies 

to both censuses and sample surveys. There is difference between random and systematic non-sampling 

errors. The former is unpredictable and will tend to cancel – an example of a random error is a data entry 

error. Systematic errors will tend to err in one direction, leading to a bias in final results – an example is 

a question that encourages an inflated response. Discussion of non-sampling error generally focuses on 

problems caused by systematic errors, that is, bias. 

Bias can arise from various sources including: 

• Coverage errors (under coverage or over coverage) caused by defects in the survey frame 

• Other errors in the survey frame 

• Definitional errors associated with statistical units 

• Poor questionnaire design or inconsistency on the part of interviewers 
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• Respondent effects 

• Low response rates, where characteristics of respondents and non-respondents are different 

• Defects in the selection of sample units 

• Data processing errors 

• Estimation and imputation procedures. 

Bias is frequently not measurable and may not even be identifiable. It is recommended that all efforts be 

made to reduce or remove non-sampling error by careful attention to the survey material and all processes 

that may be prone to such error. For example: 

• By careful design and testing of questions and question sequences 

• By intensive training and checking of interviewers (if used) and other staff 

• By reducing non-response rates as far as possible 

• By minimizing data entry, editing and other processing errors. 

Table A in Annex presents potential quality measures for all types of surveys. 

 

3. Specificities for each type of survey 
 
In this section, the methodological aspects of data processing, validation and quality control of survey 

data are presented for the three types of surveys: Household, Business and Government surveys. 

 

3.1  Household surveys  

The processing, validation and quality control methods applied for household surveys mentioned above 

are described below. 

 

Data processing 

Processing transforms responses obtained (at the level of individuals and households) during data 

collection into a form that is suitable for tabulation and data analysis. Usually, different relational tables 

are prepared to compile the information about households and about each of the individuals which 

compose them. This entails a mixture of automated and manual activities. It can also be time-consuming 

and resource-intensive and has an impact on the quality and cost of the final output. 

In order to streamline processing, several of the processing activities – namely, capture, editing and 

coding – may be combined through automation using computer-assisted collection methods. 

For household surveys, it is usually the case that the survey questionnaire contains one section for 

household-level data, and one section for each individual in the household (replicated as many times as 

there are individuals in the household). This implies that data processing is carried out using the 

aggregation of two types of statistical units: households and individuals. 

 

Data validation methods 

One important validation method is by analyzing the coherence of survey results with other data sources, 

in particular, for household surveys, the following may be used to check the coherence of the results: 
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• Population and Housing Data 

o Total number of households in Abu Dhabi in a calendar year 

• Administrative data sources (e.g. population register) 

 

Imputation methods 

Please refer to section 4 below for a description of processes to impute missing values. 

 

Calculation of weights 

Individual records of the sample have to be weighted to represent the total population. The calculation of 

sampling weights derives from the sample design (stratification, multi-stage sampling, clustering, etc.) 

and therefore cannot be decided at this stage. It is however recommended that the sample design follows 

that of other household surveys (e.g., Labor Force Survey). 

Note that if the final sampling unit is the household (i.e., all members of the household are interviewed, 

which is the international recommendations), sample weights are calculated at the household level. If 

there is a further sampling (i.e., selecting one informant per household), sample weights have to be 

calculated at the individual level. 

Note that more complex weights have to be calculated if the sampling strategy includes stratification, 

more than one stage and/or is clustered as recommended in the methodological documents prepared for 

each survey.   

Indicators are generally calculated as ratios of grossed-up figures after sampling. 

 

3.2 Business surveys 

This section describes specificities of the processing, validation and quality control methods applied for 

the business surveys mentioned above.   

 

Data processing 

The numerical processes that take place after data collection and before aggregate information is 

disseminated include data editing and data weighting. These processes are included in phase 5 

(“process”) of the GSBPM.  

Data processing involves translating the answers on a questionnaire into a form that can be manipulated 

to produce statistics. In general, this involves coding, editing, data entry, and monitoring the whole data 

processing procedure. The main aim of checking the various stages of data processing is to produce a 

file of data that is as error free as possible. Adopting a methodical and consistent approach to each 

processing task is important to ensure that the processing is completed satisfactorily and on schedule. 

The following discussion will give a brief introduction to the main stages of data processing. 

In the case of business surveys, it is often the case that the survey questionnaire includes a section to 

collect data at the level of enterprise, and a section to collect data at the level of each establishment or 

Local Unit, even at the level of Local Kind-of-Activity Unit. This translates into a relational database that 

contains the data at different levels, linked through unique identifiers of businesses and establishments. 
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Data validation methods  

Data editing covers the sub-processes referred to as ‘micro-editing’ and ‘macro-editing’ (also sometimes 

referred to as ‘input’ and ‘output’ editing):  

• Micro-editing refers to controls, validations and modifications applied to the data of a given 

business. The process includes the treatment of incomplete or missing data and the detection 

and treatment of answers that are internally inconsistent with other questions. 

• Macro-editing refers to controls, validations, and modifications of whole datasets by means of the 

analysis of aggregations. The aim of the process is to check whether certain estimates are jointly 

compatible and are consistent with other knowledge. A sophisticated macro-editing procedure 

consists of readjusting sample weights according to frame errors detected during the survey. 

For many reasons, statistical information provided by businesses, whatever the instrument of data 

capture, can contain errors. These include erroneous or missing data, incorrect classifications, and 

inconsistent or illogical responses. To minimize such errors, it is important to apply techniques which 

optimize the effectiveness of data capture instruments and collection procedures. In addition, robust data 

editing techniques should be used to transform raw data provided by respondents into valid and coherent 

(‘clean’) data that can be used to produce aggregated statistics. 

Treatment of internal inconsistencies and errors 

Data editing involves checking and often manipulation of the original data. Such processes can introduce 

errors that affect aggregate data. Thus, although the process of data editing is essential, it is very 

important that practices be established that decrease the incidence of incomplete or inconsistent data, 

so that the impact of data editing is minimized. Quality controls already embedded in data collection 

instruments or at the data entry stage will directly improve the quality of raw data and reduce the task of 

data processing. 

The choice of collection instrument has a direct impact on data quality. Both computer-assisted personal 

interviewing (CAPI) and computer-assisted telephone interviewing (CATI) can be expected to improve 

the quality of input data since they provide automatic controls for detecting response errors.  

Validity control of an individual data item consists of checking if the answer belongs to a predefined set 

(or range) of valid responses. In order to check questions for validity, it is necessary to check them against 

those defined valid responses. To check the internal consistency of a questionnaire, it is necessary to 

establish and apply rules that define the relationships between questions, so that certain answers restrict 

the valid values that other questions can accept. Arithmetic checks (for instance, that percentage 

distributions add to 100) may be applied during data entry or later run-in batch mode across a set of 

records. 

Treatment of misclassified units 

A frequent problem affecting the quality of business statistics is that some responding businesses may 

be initially included in the wrong stratum in the population frame from which the sample is drawn. This is 

more likely when the frame (and the underlying business register) is of poor quality. Statistical business 

registers maintained by NSOs usually contain information on size (usually in terms of number of 

employees and/or turnover), industry and location (based on business address). It is possible that 
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misclassified units are erroneously included as eligible, and that eligible units are misclassified such that 

they do not appear on the frame or appear in the wrong stratum. In the first case, if a surveyed business 

is eliminated from the sample because of non-eligibility, this will reduce the effective sample size unless 

a reserve list is prepared. Elimination of misclassified units should only be considered if the rate of 

misclassification is small. In the second case, the unit is eligible, but was included in the wrong stratum 

or omitted from the frame altogether. For example, a business selected in the size interval (stratum) of 

10 to 20 employees, may report that, in fact, it has only eight employees. The technical solution consists 

of recalculating sample weights. A new estimate of the size of strata must be produced and weights 

corrected accordingly. Clearly, the establishment and maintenance of an up-to-date business register 

from which to draw a reliable population frame is of utmost importance. 

Where it is impractical to re-contact respondents, missing data could be estimated (imputed). 

If re-contacting the interviewed business is out of scope for cost or time reasons, item nonresponse can 

be treated by mathematical techniques for data imputation. Imputation consists of assigning a plausible 

value to a question for which the selected unit has not provided a response, or to a question whose 

answer is logically or arithmetically inconsistent with answers in the rest of the questionnaire. When the 

answer to different questions is inconsistent, the problem of deciding which one is incorrect may be very 

difficult. Usually, a hierarchy among questions, or blocks of questions, is established, so that answers to 

some of them are considered ‘dominant’. 

One method of imputation used in recurrent business surveys is to assign the answer given by the same 

unit in a previous survey (historical imputation). The same principle can be applied to unit non-response. 

This technique would more frequently be applied to large businesses, because they are more likely to be 

in successive surveys. 

Please refer to section 4 below for a description of processes to impute missing values. 

 

Calculation of weights  

The indicators produced are generally referred to the whole business sector or to a relevant part of it. If 

only a sample of businesses is surveyed, the data collected must be weighted to obtain estimates in 

respect to the target population. The procedure by which sample data become population estimates is 

called ‘weighting’ (or ‘grossing-up’). The weighting mechanism must be consistent with the design of the 

sample. 

We distinguish between weighting and reweighting. Weighting, i.e. the attribution of weights to sampled 

units, can in principle take place before data collection, provided the sampling design is not too complex. 

Reweighting always applies after data collection. 

Expansion of the sample to the population is a process in which first order inclusion probabilities play a 

key role. The first order inclusion probability of a population element is the chance that this element is 

included in the sample. If the population for the target in question consists of N enterprises, N first order 

inclusion probabilities are associated with the chosen sampling design, say π1,..., πk,..., πN. 

The inverse of πk is called the inclusion weight of element k, denoted ak = 1/πk. The term weighting 

usually refers to the inclusion weights. In a business survey where the population is stratified before 

sampling and where the samples within the strata are drawn according to simple random sampling, the 
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inclusion weights for the elements in stratum h are ak = Nh/nh, where Nh is the population size and nh is 

the sample size in stratum h. 

 

Weighting procedures (Example of ICT survey) 

In line with international recommendations for business statistics, surveys on ICT use by businesses are 

generally based on a stratified random sample design, with strata defined by industry and size (at least). 

Businesses should be selected at random from strata (except for those that are completely enumerated, 

e.g., large business strata). It is assumed that the sample design is based on random selection, without 

replacement, within strata. Stratum estimates are therefore calculated based on a simple expansion 

(weighting) to the total number of businesses in the stratum. The method also applies if the selection is 

systematic with a random starting point in each stratum. The method explained below can be applied to 

both qualitative variables (such as the presence of a website) and quantitative variables (such as the 

number of employees who used the Internet). 

In the case of quantitative variables, let yhi be the value of the variable, y, for business i in stratum h (for 

example, the number of employees with access to Internet). For qualitative variables, yhi will be 1 if the 

business has a particular characteristic (for example, if it has a website) and 0 otherwise. The sample 

average in stratum h is defined as the sum of all the sample values in the stratum divided by the number 

of sampled businesses, say nh, i.e., 

 

 

  

If the variables are qualitative and coded as 0 or 1, the answer will represent the sample proportion of 

businesses with the investigated characteristic. Following the examples, yh would be the estimated 

average number of employees with access to the Internet in stratum h or the proportion of businesses 

with a website in stratum h. 

The estimate for stratum h is calculated by multiplying the stratum average, yh, by the total number of 

businesses in the stratum (procedure also referred to as the Horvitz-Thompson estimator), i.e., 

 

 

  

It should be noted that stratum estimates will generally be further aggregated for dissemination purposes. 

For example, the stratification variable for industry may be at the 4-digit (class) level but this level is too 

detailed for dissemination (which might be at the 1 or 2-digit level). 

The population total of the variable of interest is estimated by addition of the estimates for each stratum, 

i.e., Y’1+Y’2+Y’3+… +Y’L, where L is the number of strata. When estimates are generated by means of 

standard statistical software, weights equivalent to Nh/nh are assigned to each unit in the sample. The 

formula for the estimate for stratum h (given above) can be written in the following way to show the 

assignment of weights to each unit: 
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Weighting procedures for producing estimates that combine qualitative and quantitative variables are also 

possible. For example, to estimate the number of employees (quantitative) who work in businesses that 

sell via the Internet (qualitative), it is possible to proceed in the following way: let yhi be the number of 

employees in business i of stratum h that sells via the Internet (its value is zero for businesses which do 

not sell via the Internet). The sum of all values yhi in the stratum, multiplied by Nh/nh is an estimate of 

the desired stratum value. This weighting procedure allows calculation of estimates for totals, but also for 

proportions, percentages and ratios. 

The calculation of sample weights is a key step in data processing and should be carefully implemented 

and documented. Procedures for weighting data will depend ex ante on a country’s business statistical 

system including quality of the business register, definition of strata in the business sector and sampling 

practices (e.g., whether some strata are exhaustively sampled). Ex post, once the data collection is 

carried out, the weights should be revised according to misclassification and non-response. 

 

3.3 Government survey 

Statistical surveys of government units, like business surveys, may be sample surveys or censuses. For 

many countries, censuses will be chosen because of the small number of government units in a country 

(compared to businesses, for example) and the difficulty of obtaining information about the whole 

population on which to base a sample design. If the minimal recommended scope (that is, central 

government) is used, a census is likely to be particularly beneficial and might be based on two-stage data 

collection whereby forms are sent to major government portfolio departments, which may then collect 

information from lower-level statistical units. 

Where a wider scope is chosen, sample surveys may be necessary, depending on the size and 

characteristics of the population. For example, some countries have a large number of local government 

entities that are reasonably homogeneous and are therefore able to be sampled efficiently. 

In general, surveys of government organizations are likely to be similar to business surveys in most 

respects. 

 

Data processing 

This section provides information on the processing of collected survey data. It covers dispatch and 

collection control, data entry, data editing and estimation. 

Dispatch and collection control refer to the processes involved in dispatching (sending out) and 

receiving survey forms. Processes include recording the status of forms (for example, dispatched, 

outstanding, received), generating reminder action for non-respondents, and producing management 

information on survey progress. These tasks may be manual or automated, and functionality varies with 

the type of survey. 
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This part of the data processing cycle includes action to increase survey response rates. Thus, low 

response rates are likely to increase the level of both sampling and non-sampling survey error. Follow-

up action directed to respondents who have not responded to the survey can be a very good investment 

of time and resources. Follow-up procedures include: 

• Sending reminder letters and/or e-mails (these can be increasingly demanding, especially if 

backed up by legislation) 

• Telephoning respondents 

• Meeting respondents in person 

If time permits, respondents should be offered additional time to return their questionnaires if they request 

it. Such extensions, as well as other communications, need to be recorded and tracked in dispatch and 

collection control systems. 

Data entry 

For surveys, data entry may occur at the time of a personal interview, particularly where CAPI or CATI 

programs are used. It may be performed by the respondent in cases of electronic form completion. Where 

completed forms are scanned, there is no need for data entry (except to correct scanning errors and 

codes etc.).  

Data entry commonly occurs as a distinct process (typically from completed self-enumerated forms 

mailed back to the data collection agency), undertaken by either a specialized data entry unit of the 

agency or the team conducting the survey. 

Data entry also includes coding, for example, converting written questions to codes, assigning a 

classification code (for example, for employment size) and completing office use only fields. These 

activities are most likely to be performed by the survey processing team. 

As with other aspects of survey implementation, it is important to minimize non-sampling error from data 

entry – by good training, ongoing quality control and effective data entry procedures. Keying accuracy 

can be enhanced by using techniques such as check digits and real-time edits. 

Data editing 

Statistical information provided by respondents can contain various types of errors. They include incorrect 

data, missing data, incorrect classifications and inconsistent responses between questions. Thus, good 

question and questionnaire design should reduce error on self-enumerated and interviewer-administered 

forms. 

Errors can also arise through data manual processing occurring after the questionnaire has been 

completed by the respondent. Such errors include keying or coding errors, scanning errors and changes 

applied incorrectly by the collection agency (for example, in responding to an error found during editing). 

In order to minimize such introduced errors, procedures should be comprehensive and well tested, and 

quality control ongoing. 

 

Data validation methods 

Despite good survey instruments and data processing procedures, data editing will still be required. There 

are two broad types of edits, micro edits and macro edits. These may be known by other names, such as 

input and output editing respectively. 
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Micro edits are those edits applied to individual questionnaires. They range from preliminary checks for 

completeness to responses to computer-generated edit failure messages. Micro edits can be classified 

as follows: 

• Validity and range edits, for instance, only numbers can be entered in a numerical field, 

categorical variables can only have a predefined value (for example, gender can be coded 

only as 1 or 2) or reported value is consistent with external data (such as a reasonable 

organization size range). 

• Skip edits verify that the logic of the questionnaire has been followed, for instance, that the 

correct populations respond to each question. In a CAPI or CATI environment, the program 

will usually determine the skips, so errors should not occur if the programming has been done 

correctly. 

• Consistency checks determine whether the information in the questionnaire is internally 

consistent, for instance, organizations with Internet access should report a non-zero value 

for the number of persons employed using the Internet. 

• Typographical checks (to find keying errors by the interviewer or data entry operator); these 

may be difficult to find and may be discovered as a result of other edits or through check-add 

(or control) totals or check digits. 

Macro editing consists of checks of aggregated data for coherence, including: 

• Consistency of estimates over time, for instance, the proportion of organizations using 

the Internet is expected to grow until it flattens out. 

• Relationships between output variables from the survey, for instance, the proportion of 

government organizations using the Internet would be expected to be higher than the 

proportion with a web presence. 

• Consistency of relationships with comparable data external to the survey and (possibly) 

data for other countries. 

• Logical rules are obeyed, for instance, components of a percentage distribution should 

add to 100 and table components should add to totals. 

 

Imputation methods 

The imputation methods used to resolve the non-response unit and no-response item problems are likely 

to be similar to those of business surveys (See section 4 for details on imputation methods). 

 

Calculation of weights  

Weighting up (also called grossing up) is the process of taking sample data and producing estimates for 

the target population. Population estimates may be calculated using only sample data or may be a 

combination of sample data and information from the frame (the number of government organizations or 

the total number of persons employed in government organizations). 
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4. Imputation Methods 

Imputation is the process of replacing missing data, invalid values, and extreme values (outliers) with 

estimated values – using different imputation methods, then analyzing the full dataset considering the 

imputed value as actual values. Missing data, data errors, and extreme values (outliers), are common 

challenges in statistical analysis, which can be found during data validation and data analysis processes. 

The missing data is the case when the value of one or more observations (records) is not available in a 

variable of the dataset. Data errors is the case where occurrence of invalid value in one or more 

observations (records) in a variable or group of variables in the dataset. Outliers is the case of extreme 

values that are significantly distinct from other observations (records) in the dataset. 

Missing data, data errors, and outliers in a dataset can be identified through data validation which may 

be performed using validation rules. Followed by the “imputation” process that deals with the missing 

data, outliers, and invalid data. Deciding on which imputation method to implement depends on various 

aspects such as the dataset size, variable type, rate of missing data, invalid data, outliers, patterns, 

variable distribution, time series, consistency, growth rate, the availability of historical data, data noise, 

and data classification. Moreover, to be able to choose the most appropriate imputation method users 

must consider the risks and limitations associated with applying each method. Limitations of choosing 

certain imputation methods may include changing the characteristics of the dataset by changing the data 

distribution, underestimating the variance, and distorting multivariable relationships. 

In most surveys one has to face the problem of missing data. Two types of missing data are usually 

distinguished: unit nonresponse and item nonresponse. Imputation applies for the latter, while unit 

nonresponse is dealt with by reweighting. Unit non-response refers to the failure to collect any information 

from some survey units. Item non-response refers to missing data in a returned questionnaire. 

Unit non-response: The usual statistical practice for correcting unit non-response is to change weights 

in order to compensate for non-responding units. 

Item non-response: In the case of more technical or sensitive non-response may be decreased if it is 

specified that a person with subject-matter knowledge or higher responsibility should respond for the 

business. 

Unit non-response refers to the failure to collect any information from some survey units. Item non-

response refers to missing data in a returned questionnaire. Since both forms of non-response have the 

potential to introduce bias, data collection agencies should strive to reduce the extent of non-response, 

by means of advertising the survey to data providers through the best available media, improved 

questionnaires, high-quality fieldwork (if used) and good non-response follow up. However, even with 

such controls, a certain level of nonresponse is unavoidable. Analysis of patterns of non-response in 

relation to the type of unit (e.g., micro-businesses) or questions may enable improvement in data 

collection tools and procedures. Improvements include modification of question wording or instructions, 

and introduction of simplified questionnaires for some businesses (e.g., micro-businesses). 

Unit non-response 

The usual statistical practice for correcting unit non-response is to change weights in order to compensate 

for non-responding units. Two methods are possible: sample-based and population-based. 
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• Sample-based corrective weighting consists of modifying the original sample weights by 

multiplying them by the inverse of the non-response rate in each affected stratum (or 

segment); and 

• Population-based corrective weighting is equivalent to classical post-stratification in which 

survey data are benchmarked against known population totals. This method will also correct 

poor frame coverage if the benchmarks are independent of the population frame. 

It is important to recall that the hypothesis underlying both treatments for unit non-response is that 

businesses that do not answer are well represented, within the same homogeneous segment (or stratum), 

by those that do. When there is a risk that non-response is correlated with the variables of interest, neither 

method will remove the inherent non-response bias. 

There are more sophisticated methods to correct the weights, based on econometric models (logit, probit 

and log-linear models). 

Item non-response 

The difference between item non-response and unit non-response is not always clear. In particular, if a 

business has failed to answer many questions, including some important items, it may be more effective 

from an operational viewpoint to treat that business as a unit nonresponse, instead of imputing estimates 

for a large number of item non-responses. 

Item non-response is generally caused by one of the following: 

• The respondent refuses to answer a question (possibly because the information sought is 

sensitive); 

• The respondent does not know the answer (for instance, the information may not be available 

from business records); 

• The respondent misunderstands the question and so does not attempt to answer it; and/or 

• The respondent has unintentionally omitted an answer (possibly because the questionnaire 

has been poorly designed with confusing wording or unclear logic). 

Ignoring missing answers can lead to statistically biased estimates, because these are calculated from 

an unrepresentative part of the sample. Following up item non-response is an obvious solution, especially 

in cases where the item non-response is extensive, the unit is significant or important questions have 

been omitted. Obtaining responses may be easier where the collection is legally mandatory and, in any 

case, should be carried out as soon as possible after the incomplete response is received. 

The following sections present ten of the recommended imputation methods. Each method is explained 

through; a brief definition of the method, when to use it, how to use it, and some examples on the method. 

 

4.1 Mean Imputation Method 
 

Definition 

Mean Imputation is the method of replacing all occurrences of missing values within a variable in a dataset 

by the value of the mean. Mean is defined as the average of a set – or a group - of numbers.  
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Description 

In its simplest way, mean imputation method can be done by calculating the average (the mean) of the 

non-missing values in a column (variable). Then, the result is used to replace all the missing values in 

the same column (variable). each column (variable) is treated separately and independently from the 

other columns (variables) of the dataset. Following is the mean formula: 

Mean=Sum of all observations/number of observations 

This method is mainly suitable and can be used in the following scenarios:  

This method works well when the dataset is small. However, the mean method may change the data 

distribution, and it may underestimate the variance. Furthermore, the mean method does not consider 

the correlations between variables in a dataset. It works only on one variable level. 

1. Variable type is Continuous.  

2. If the Variable type is categorical, mode method is recommended.  

3. The mean method works best when the data are mostly homogeneous, and variable do not have 

extreme values (outliers) in its data.  

4. It is recommended to use the mean method in a situation where there is no pattern in the original 

values of a variable, and the missing data in a variable is not related to data in other variables of 

a dataset.  

5. In the literature review, this kind of imputation method can be used in case where the missing 

data in a variable is not more than 5% of the total data in that variable. 

 

Example: 

 

 

 

In the above example, The Revenue variable does not contain more than 5% of missing data, does not 

have outliers, and is a small dataset so Mean Imputation method is best used. 

Mean=(68838+9639+33810+55881+16800+20573+21000+13727+49616)/9=32209.33 

So, the missing cell is filled by the mean value (32209.33) 

 

Limitations & Challenges 

• Will give poor results on encoded categorical features (do NOT use it on categorical features) 

• It Works only when the dataset is very small. 
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• This kind of imputation method can be used in case where the missing data in a variable is not 

more than 5% of the total data in that variable 

• It will not work if data have extreme values. 

• It only works on the column level. 

 

4.2 Median Imputation Method 
 

Definition 

The Median Imputation is an Imputation method in which the missing value in a particular column 

(variable) is imputed with the median value of the entire data of the variable. Median is the middle value 

of the data. if the number of the data points are even – where there is not one middle point value, then 

the median is the average of the two data points nearest the middle. 

 

Description 

The median imputation is suitable when the data is skewed or not symmetric. Skewness can be calculated 

using BOX Plot, Distribution Plot or by Formula. 

 

 If the variable has a skewed distribution, the mean is biased by the values at the far end of the distribution. 

Therefore, the median is a better representation of the majority of the values in the variable. 

 

In the diagram below, three types of data distributions are represented: negative skewed distribution, 

normal distribution, and positive skewed distribution. The diagram explained why median is better than 

other central value measurements when the data distribution is skewed. 

 

 

This method is mainly suitable and can be used in the following scenarios:  

1. This method is used for numerical variables 

2. Variable type can be Continuous (value obtained by measuring) or Discrete (value 

obtained by counting)).  

3. In the literature review, this kind of imputation method can be used in case where the 

missing data in a variable is not more than 5% of the total data in that variable.  
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4. Median Method can be used in case of Outliers (Extreme values) in the data 

5. The median method is best used when the variable has a skewed distribution 

 

Example: 

In the below example, data is taken from a sample with people’s income group and number of people 

falling in each income category. 

 

 

 

Since the variable is Numeric, missing data is less than 5%, and data distribution is positively skewed 

(Mean (2031.25) > Median (1750)), Median Imputation Method can be used to treat these missing values. 

To calculate the Median, we first sort the data from smallest to largest, then find the middle value in the 

data. In the example presented, the median is 1750. This value is used to replace the missing data in the 

column “People”, as shown above. 

 

Limitations & Challenges 

• This method cannot be used when there are more missing values 

• This method may introduce bias or affect the representativeness of the results 

• Doesn’t factor the correlations between features. It only works on the column level 

• Distorts the histogram — Underestimates variance 

• Doesn’t account for the uncertainty in the imputations 

• Not very accurate. 

 

4.3 Interpolation Imputation Method 
 

Definition 

Interpolation is a statistical imputation method that uses related values to treat missing data in a dataset. 

This technique utilizes non-missing values from adjacent data points to compute a value for a missing 

data. 
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Description 

The simplest type of interpolation is the linear interpolation where the missing value can be treated by 

calculating the mean (average) of two values; the value of the record that is before the record with the 

missing value, and the value after the record of the missing value. Therefore, this method is suitable when 

data are located in sequence. 

This method is mainly suitable and can be used in the following scenarios: 

1. Variable type is Continuous. 

2. The data are placed in sequence. 

3. When there is a linear relationship between data points 

4. This method is used when we can assume data points near each other are more alike than those 

farther away. For example, amount of rainfall in an area will be related to rain fall in nearby areas 

than faraway places. So, we can calculate the rainfall in a point by finding the mean of the rainfalls 

of nearest geographical region. 

5. We start with finding the adjacent known data and using interpolation method, estimate the 

unknown values for that area. 

6. Can be used to treat outlier value 

7. This method can be applied when there are no consecutive missing fields, as well as with 

consecutive missing fields. (with slightly different calculations) 

 

Example: 

In the below Examples of Interpolation Imputation Method, we consider the data for sales of an 

Organization for a particular year. The first example shows how to apply Interpolation Method in case 

where there is no consecutive missing fields. 

Missing data is calculated by finding the mean between the values before the missing data and the value 

after. 
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The second example shows how to apply Interpolation Method in case where there is consecutive missing 

fields 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The observation number 3 is calculated as the following formula; 

1 /2 * Previous data + 1/2 * Next Data 

While the observation number 5 is calculated as the following formula; 

2 /3 * Previous data + 1/3 * Next Data 

and the observation number 6 is calculated as the following formula; 

1 /3 * Previous data + 2/3 * Next Data 

 

Limitations & Challenges 

• The accuracy of Linear imputation typically decreases as the length of the missing data period 

increases 

• It works well only for Data that are expected to be Linea 

 

4.4 Last Observation Carried Forward Method (LOCF) 
 

Definition 

In the Last Observation Carried Forward Method, the last observed non-missing value is used to fill in 

missing values at a later point in the study.  

 

Description 

 Last Observation Carried Forward (LOCF) is a common statistical approach to the analysis of longitudinal 

repeated measures data where some observations may be missing. In a LOCF Imputation Method, a 

missing value is imputed by the previously observed value for that variable,i.e.the last observation is 
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carried forward .The combination of the observed and imputed data are then Analysed as though there 

were no missing data. 

This method is mainly suitable and can be used in the following scenarios:  

 

1. Data are longitudinal (i.e. Data collected sequentially from the same respondents over time). 

2. The assumption that the response remains constant at the last observed value. Whenever a 

value is missing, it is replaced with the last observed value.  

3. Time Series Data.  

4. Can be used to replace missing value and treat outliers (extreme values) 

 

Example: 

In below Example for Last Observation Carried Forward Method, the Weight data collected from the clinic 

for each patient’s monthly visit. The missing data is imputed using the Last observed Value. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Limitations & Challenges 

• Can only be applied to longitudinal data analysis 

• To use this method, a prior observed value for the observation must be available 

• This assumes that the most recent available observation is the best guess for subsequent 

missing values and the observation has not changed at all since the last measured observation, 

which is often unrealistic 

 

4.5 Historical data-based Imputation Method  

Definition 

This method is similar to Last Observed Carried Forward Method, but it is used when we cannot assume 

that the missing value will be same as the previous observed data.  
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Description 

In this method first find the individual growth rates of the variable for specific periods based on the 

previous observations. Then the average of the individual growth rates is calculated. The imputation value 

is calculated by adding the previous observed value of that variable with average growth rate. 

Previous Data + Previous Data * Average Growth Rate 

The Mean of the growth rate of previous observations is imputed for the missing data. 

This method is mainly suitable and can be used in the following scenarios:  

1. In this method, the missing value is imputed with last observed value multiplied with an estimated 

growth rate (based on estimation of expected growth rate analysis). 

2. Data are longitudinal (i.e. Data collected sequentially from the same respondents over time). 

3. Historical data is available, and when the assumption that the response does not remains same 

as the last observed value and there can be a change in the value based on the previous growth 

rate. In this method we are adding the historical growth rate to the last observed value. 

4. Time Series Data.  

5. Can be used to replace missing value and treat outliers (extreme values) 

 

Example: 

Below is an Example of Historical data-based Imputation Method: 

 

 

 

 

 

 

 

 

 

 

 

 

In the above example, the value of the 2021 revenue is imputed using the following formula; 

Previous Data + Previous Data * Average Growth Rate 

 

Limitations & Challenges 

This method best used, only if there are more historical observations. 

 
4.6 Hot-Deck Imputation: 
 

Definition 

Hot deck imputation is a method for handling missing data in which each missing value is replaced with 

an observed response from a “similar” unit. This method is simple, where missing values are replaced 
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with random values from that column. However, it is important to consider and understand the nature of 

the variables and their relation to each other in a dataset. otherwise, the multivariable relationships will 

be distorted. 

 

Description 

The Hot-Deck Imputation is achieved by randomly choosing the missing value from a set of related and 

similar variables. In other words, finding all the sample subjects who are similar on other variables, then 

randomly choose one of their values on the missing variable.  

HOTDECK y = variables with missing data/deck = variables defining the decks. 

This method is mainly suitable, and can be used in the following scenarios:  

1. In the literature review, this kind of imputation method can be used in case where the missing 

data in a variable is not more than 20% of the total data in that variable.  

2. The deck of potential donors must be large enough. The Deck of potential donors are variables 

selected to be used in defining the similar unit.  It is risky to implement this method when there is 

only one donor. 

Example: 

Below is an Example of Hot-Deck Imputation method.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In this example, the following variables were selected; sex, education, and income. These variables will 

be used to define the decks. These variables are suitable because they have no missing values, they are 
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also related to the variable “News Attention” that we want to impute its missing values. To do so, the 

following formula is calculated; 

HOTDECK y=NewsAttn/deck = sex education income. 

A new variable is created “NewsAttnHD”. This variable is a copy of NewsAttn but with missing value 

imputed. For example, the participant H and the participant K have same exact values for sex, education 

and income. Therefore, the observation H and K are considered similar. For this reason, the value of 

NewsAttn where the value is missing for the participant K, is imputed with the value of the participant H. 

 

Limitations & Challenges 

• Hot -deck procedures can reduce bias in univariate statistics such as the mean. 

• no distinct values imputed 

 

4.7 Cold-Deck Imputation Methods: 

Definition 

This method is similar to the hot-deck method in using similar observations to impute the missing value. 

The difference is that in hot-deck method we use similar observations from the dataset in hand, while in 

cold-deck method we use similar observations from other datasets that might be unrelated to the dataset 

under study (e.g. a survey conducted previously).  

 

Description 

It is a method of replacing with values of similar items in past surveys. It is available in surveys that 

measure time intervals. 

This method is mainly suitable, and can be used in the following scenarios:  

 

1. Mainly used to treat missing data or unknown values (not used for inconsistent or invalid values) 

2. Values are imputed on a proportional basis from a distribution of valid responses (e.g., from 

previous census) 

3. Cold deck takes values from a fixed distribution of values, which might be outdated. 

 

Example: 

For example, if we have three missing values in a patient questionnaire, the cold imputation method can 

be implemented to impute the missing values. In this case, data from previous survey can be used to find 

similar records to the missing values of the current survey. 

 

Limitations & Challenges 

One drawback of the cold deck method is that its effect on the variance of the data (large variance in 

imputed missing values) 
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4.8 Regression Imputation Methods 
 

Definition 

Another common imputation method is the Regression method. Regression generally is a statistical 

analysis that is used to understand the relationship between two or more variables of interest.  

 

Description 

A regression model is estimated to predict observed values of a variable based on other variables. 

Instead of just taking the mean, you are taking the predicted value, based on other variables.  

This method is mainly suitable, and can be used in the following scenarios:  

 where we know that there is a correlation between the variable with missing value and other variables in 

the dataset. the other variables are expected to have no Null values. In this case the missing value is 

predicted while regressing the variable with missing value on other variables. 

 

Example: 

 Below is an Example of Regression Imputation Methods. We have three variables X, Y, and Z. in this 

dataset we have three missing values in the variable X. One way to apply the regression imputation 

method is as follow: 

 

 

 

 

 

 

 

 

 

 

 

 

1. Look for the most correlated variable with X. 

2. Create a variable C to indicate the missing values in X, such that C=1 with no missing data 

records, and C=0, with missing data records. 

3. Fit a linear regression model: Y on the most correlated variable with X 

4. For each C=0, Impute/Predict for the missing value using the above regression model     

                                                    

Limitations & Challenges 

• Regression model predicts the most likely value of missing data but does not supply uncertainty 

about that value. 

• On the other hand, in linear regression technique outliers can have huge effects on the regression 

and boundaries are linear in this technique. 

X Y Z C 

11 19 12 1 

12 11 16 1 

18 2 17 1 

14 14 14 1 

17 20 5 1 

NA 4 7 0 

NA 9 8 0 

19 18 13 1 

NA 20 11 0 

27 11 6 1 
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4.9 Imputation Using K-Nearest Neighbors (k-NN) 
 

Definition 

K Nearest Neighbors (K-NN), is commonly used method for classification. K-NN uses similarity measure 

to classy new cases. This imputation method is achieved by classifying a data point (a record) based on 

how its neighbors are classified. The missing value is replaced with similar value in the same domain of 

the variable.  

 

Description 

This method uses ‘feature similarity’ to predict the values of any new data points. This means that the 

new point is assigned a value based on how closely it resembles the points in the training set. This can 

be very useful in making predictions about the missing values by finding the k’s closest neighbors to the 

observation with missing data and then imputing them based on the non-missing values in the 

neighborhood. 

This method is mainly suitable, and can be used in the following scenarios:  

1. When data is noise free. This method is sensitive to outliers.  

2. When data is labeled (classes) 

3. When dataset size is small 

When using K-NN method, an important step is to choose K value. K is a parameter; it is the numbers of 

nearest neighbors that is chosen to be included in the “majority voting process”. The process of defining 

K value is called “parameter tuning “. Choosing the right K-value positively affect the accuracy of K-NN 

algorithm.  

Example: 

For example, imputing the missing value of expenditure of some households can be imputed by the same 

value of the expenditure for other nearest households with the same level of living  

 

Limitations & Challenges 

K-NN is quite sensitive to outliers in the data. 

 

4.10 Expert Judgment 

When none of the above method can be used, we can refer to the expert judgment. In this technique the 

missing value (and invalid values) is imputed with the projected or Estimated Value provided by Subject 

Mater Experts. This method consists of replacing missing values by values that are specified by subject-

matter experts, using a manual procedure, or a few rules of thumb. This method is recommended only in 

the case of very few missing values. Subject matter experts have projections or estimates for each 

missing Values. This estimated/projected missing value will be used for imputing. 

For example, the missing values in the labor wages or duties for specific tasks. Subject matter experts 

can get the information from market experience and suggest the data that must be imputed for missing 

variables. 
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4.11 Conclusion 

The quality of the data affects the accuracy of the data analysis results. For this reason, imputation is 

important process in data processing and data analysis. While there is no one perfect way to impute and 

replace the missing and invalid values in a dataset, there are many different imputation methods are 

commonly used to treat missing and invalid data. Each method can perform better for certain data type 

and under certain scenarios. There are some set rules to decide which of the stated strategies to 

implement for particular types of missing values, along with experience and expert judgement provided 

by subject matter experts. This document presented ten statistical imputation methods that can be used 

to treat invalid values, missing data, and outliers. 
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5.Annex 
 

 Quality measures applied for each household survey phase by output quality dimension 

 

Quality 

dimensions 

Survey 

conceptualisation, 

design and approval 

Preparation for 

fieldwork 

Fieldwork 

implementation 

Processing, 

analysing and 

reporting 

Relevance • Describe and classify 

the most important 

(internal and external) 

users and the uses of 

the statistical output 

• Where possible, 

describe how the data 

responds to user 

needs (based on user 

satisfaction survey or 

feedback from 

previous rounds of the 

statistical operation) 

• Where possible, 

describe the actions 

that have been taken 

in response to the 

feedback from users 

or the user 

satisfaction surveys 

• Detail the purpose of 

the data collection, 

the value added and 

shortcomings of the 

data 

• Describe the key 

statistical concepts 

(e.g. the population, 

variables, units, etc.) 

• Describe any gaps 

between the 

measured statistical 

concepts and the 

concepts users 

require 

• Describe 

classifications 

  • Identify the means 

used to measure 

user satisfaction 

• Describe editing and 

other statistical 

quality control 

processes used 

• Identify the 

organisation's 

revision policy 

• Describe any gaps 

between the 

statistical 

dissemination 

products and the 

user’s needs 

• Identify 

arrangements in 

place for post-

collection 

evaluations 

• Identify action plans 

implemented to 

improve relevance 

and meet needs 

• Specify if the data 

had been adjusted in 

any way 

• Specify if the data 

been rounded at any 

stage in the 

collection or 

dissemination 

process 

• Identify if the weights 

had been applied to 

the dataset 

Accuracy • Describe the sampling 

frame 

• Clearly specify if the 

sampling frame 

considers up-to-date 

changes in the survey 

population and/or 

changes in 

classifications 

• Define the target 

population, and 

compare it with the 

• Checks aimed 

at correcting 

typical item 

mis-

constructions 

(e.g. 

inconsistencies 

between 

question and 

response 

scale, etc.) 

• Qualitative 

• Measures to enhance 

response rates and to 

minimize the non-

response rates 

• Describe quality 

control protocols and 

techniques 

implemented to 

monitor performance 

of fieldwork and take 

corrective action 

when required 

• Reduce errors in 

data processing 

• Describe data entry 

process 

• Describe data 

coding methods 

• Describe and 

classify data editing 

procedures 

• Describe the 

measures taken in 

order to deal with 
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study population (in 

order to get an insight 

on potential coverage 

error) 

• Describe the sample 

design 

• Describe the data 

collection design 

• Identify any difficulty 

in answering specific 

items in the 

questionnaire 

• Describe the data 

processing 

techniques 

• Describe the 

imputation methods 

• Quality Assurance 

Plan design. 

interviews 

aimed at 

checking 

respondents 

item 

interpretation 

• Develop 

models of 

periodic quality 

reporting on 

accuracy, 

serving both 

producer and 

user 

perspectives 

• Identify 

methods and 

tools for 

preventing and 

reducing non-

sampling 

errors 

any errors 

• Identify weighting 

procedures 

• Define estimation 

methods used. 

Timeliness & 

Punctuality 

• Indicate the main 

stakeholders’ needs 

for timeliness of data, 

and how these needs 

can be addressed 

• Indicate the length of 

time required to 

design and implement 

the data collection, the 

frequency of 

production (for on-

going surveys), and 

provide a timetable for 

the release of the data 

• Indicate the length of 

time necessary for 

updating the sampling 

frame 

 • Measure the delay in 

completing the 

fieldwork compared 

with original schedule 

• Indicate the time lag 

between the end of 

the reference period 

and the publication of 

the results in days or 

months 

• Indicate the time lag 

between the planned 

publication date and 

the actual publication 

date in days or 

months 

• Describe the time 

schedule of the 

survey activities 

• Define the quality 

indicators used 

• Where possible, 

describe the 

published release 

calendar 

Accessibility 

& Clarity 

• Mapping of existing 

documentation and 

describe rules for its 

access 

• Where possible, 

identify if a release 

strategy is developed 

• Define the 

written 

interviewer 

instructions 

and briefing 

materials 

produced and 

used 

• Describe the 

clarity of the 

process of 

selection and 

training of 

interviewers 

and 

• Where possible, 

describe who have 

access, within the 

survey team 

members, to 

electronic reporting 

systems and/or web 

based ‘dashboards’ 

that provide 

information on the 

process of 

implementation of the 

survey 

• Define what kind of 

reports used, on a 

• Identify 

dissemination 

policies and 

strategies 

• Describe technical 

reports 

• Describe the 

methods and tools 

used for 

dissemination and 

presentation of data 

• Where possible, 

describe the forms of 

how data and 

metadata are 
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supervisors 

• Describe the 

process of 

reporting on 

the change of 

field-force and 

its compliance 

with the 

qualification 

requirements 

• Where 

possible, 

define if a 

quality control 

plan is 

produced and 

shred within 

the survey 

team members 

• Where 

possible, 

define if data 

protection plan 

is shared 

regular basis, to 

gather information 

from teams in the field 

(for example, in 

regular team 

meetings) and from 

technical systems 

presented and 

archived 

• Identify quality 

reports. 

Comparability 
& Coherence 
 
 

 

• Identify and assess 
other related 
statistical operations 
or alternative sources 
of the data, in order 
to: ensure the 
comparability and 
coherence with the 
new statistical 
operation, but also to 
avoid redundancy or 
duplication in data 
collection 

• List the nationally and 
internationally agreed 
definitions and 
standards used and 
describe any 
deviations from these 
(if any) 

• Detail the changes in 
the sample design 
methodology (if any), 
for on-going surveys 

• Describe and assess 
the impact on data of 
any real-world events 
or changes in 
methods over time 

• Describe time series 
available (if any) 

• Describe the 
items of the 
questionnaire 
and compare 
them to the 
questionnaires 
of previous 
survey 

• Where 
possible, 
describe the 
items of the 
questionnaire 
and compare 
them to similar 
questionnaire 
developed by 
international 
organisations 

• Where possible, 
specify if any 
changes in methods 
are clearly identified 
and measured to 
facilitate 
reconciliation 

• Comprehensive 
documentation of all 
coding process 

• Comprehensive 
documentation of all 
edits 

• All edits can be 
traced back to the 
original files 

• Existence of survey 
metadata 

• Existence of 
metadata of all the 
data produced by 
the survey 

• All files are stored in 
adequate archives 

• Where possible, 
specify if statistical 
outputs are 
compared with other 
statistical sources 
that provide the 
same or similar 
information on the 
same subject matter, 
and are divergences 
identified and 
explained to users 
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