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Presentation Notes
I have spent the last 35 years or so studying the errors in survey data - how to reduce them to the extent we can and cope with them to the extent we can’t reduced them. Now we there are these new sources of data that collectively are called Big Data which are big  in a number of ways - big volume, velocity, and variety but also tremendous scope and limitless opportunities for research.  But huge potential for errors as well. As survey methodologists, we expect that that Big Data have errors because we know survey data do. But perhaps Big Data are even more prone to error because, unlike survey data, the errors in Big Data are often not controlled during data collection.  Also as survey methodologists, we know the benefits of thinking systematically about errors and having a framework or paradigm to guide our attempts to measure, control, reduce, and adjust for them. The purpose of this talk is to contribute the discussion about Big Data.  As survey methodologists and statisticians, we have thought a lot about data errors and I believe we have a lot to contribute to this topic.        
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Why is a ‘total error’ framework needed?

Large and important errors are inevitable for Big Data
Big Data are inherent ‘noisy’

The total error and its sources are not well-known or 
studied for Big Data

‘N all’ does not imply ‘error 0’ 

Such errors lead to erroneous inferences, predictions, 
conclusions, and decisions

Awareness of the errors is the first step to addressing 
their causes and reducing their effects
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Think about the types of data that may be most relevant to our field – social media data, administrative data, transactional data bases, and so on.  These data are inherently noisy. In their book on Big Data, Schönberger and Cukier suggest that volume can overcome error.  However, survey methodologists and statisticians know  this not true either for random errors or systematic errors. We ignore the data errors at our peril.  We need to be aware of the errors so that we can address their causes, reduce their effects, and compensate for their effects in data analyses.



What is a total error framework?

Identifies all major sources of error contributing to data 
and/or estimator inaccuracy
Describes the nature of the error sources and how the 
errors could affect inference
Maps the errors onto components of uncertainty (for 
e.g., bias and variance)
Provides insights regarding how error components affect 
estimation and inference
Suggests methods for reducing the effects of errors on 
inference 



Total Error Framework for Traditional 
Data Sets
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Total Error Framework for Traditional 
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total error = row error + column error 
+ cell error



Possible Column and Cell Errors

Record # V1 V2 ··· VK

Typical File Structure
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Variable values missing = missing data
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Record # V1 V2 ··· VK

Typical File Structure

variables or features

Po
pu

la
tio

n 
un

its Missing records = undercoverage error

Non-population records = overcoverage

Duplicated records = duplication error

Possible Row Errors
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These six errors – specification error, content error, missing data, undercoverage error, overcoverage error, and duplication – then represent the total error for a data file.  Note that this framework says nothing about the causes of the error  - for example, how were records duplicated, why are records missing, why are cell values in error? – to do that, we need to know more specifics about the data set. For example, if this is a population register, then many of the why and how questions we have can be answered. We can try to trace these causes of these errors to their sources and address the causes to reduce the errors. However, without knowing more about the nature of the data set, all we can say is that  total error comprises the six types of error I previously mentioned.  We will see that this is true for Big Data as well. We cannot say much about causes of the error  or provide much detail regarding the error structure until we know specifically what kind of Big Data we are dealing with.



Shortcomings of the Framework for 
Big Data

Big Data files are often not rectangular
• hierarchically structure or unstructured

Data may be distributed across many data bases
• Sometimes federated, but often not

Data sources may be quite heterogeneous 
• Includes texts, sensors, transactions, and images

Errors generated by Map/Reduce process may not 
lend themselves to column-row representations.
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Big Data Processing Steps that Affect 
Total Error

Generate –data are generated from some source either 
incidentally or purposively
Extract/Transform/Load (ETL) – brings all data 
together in a homogeneous computing environment
• Extract – data are harvested from their sources, parsed, 

validated, curated and stored
• Transform – data are translated, coded, recoded, 

aggregated/disaggregated, and/or edited 
• Load – data are integrated and stored in the data 

warehouse
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Big Data Processing Steps that Affect 
Total Error (continued)

Analyze – Data are converted to information
• Filtering (Sampling)/Reduction –

o Unwanted features and content are deleted;
o features may be combined to produced new ones;
o data elements may be thinned or sampled to be more 

manageable for the next steps.
• Computation/Analysis/Visualization – data are 

analyzed and/or presented for interpretation and 
information extraction.
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Similar to data collection 
errors in surveys; data may 
be erroneous or missing 
data; data generating units 
may be self-selected; meta-
data may be lacking or 
absent

Errors include: low signal/noise 
ratio; lost signals; failure to 
capture; non-random (or non-
representative) sources; meta-
data that are lacking, absent, or 
erroneous.
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Similar to data processing 
stages in surveys; includes 
creating or enhancing meta-
data, matching, coding, 
editing, data munging or 
scrubbing, and data 
integration

Errors include: specification error 
(including, errors in meta-data), 
matching error, coding error, 
editing error, data munging errors, 
and data integration errors.
.
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lack of representativity), 
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Similar to estimation and 
analysis error in surveys; 
includes weighting, 
modeling, estimation

Errors include: modeling errors, 
inadequate or erroneous 
adjustments for representativity, 
computation and algorithmic 
errors.



Other Big Data Analysis Errors

Fan, Han, and Liu (2014) show that high 
dimensionality leads to three analysis issues :
a. noise accumulation – inability to identify correlates
b. spurious correlations - false discoveries
c. incidental endogeneity – Cov(error, covariates)

These issues are a concern even if the data could 
be regarded as error-free. 
Data errors can considerably exacerbate these 
problems.
Current research is aimed at demonstrating this. 
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Summary

Big data can be extremely complex and subject to 
selectivity bias, missingness and content errors
Errors that apply to surveys can also apply to Big Data, 
including sampling
Traditional approaches for describing errors in data 
bases may be too simplistic
Distributed and unstructured data bases processed by 
Map/Reduce approaches create new opportunities for 
errors that may vary across applications
A taxonomy with standardized definitions for these errors 
is needed
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