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Abstract 

 

Due to the increase in the predicaments of data handling, the need for improving the quality of data arises to reduce its insidious 

effects over the performance.  If the cause of the hindrance is analyzed, it is better to commence the data quality improvement 

plan by assessing all the scenarios affected previously. Values for measuring the quality of data should be constituted in this. The 

quality  of  data  should  be  measured  so  as  to  evaluate  the importance of the information and how can it be improved. 

Nevertheless, the primitive matter is to understand that what and how  quality  should  be  measured  as  it  is  said,  "if  you  

can’t measure it, you can’t manage it”. [Peter Drucker] The foremost step  here  is  to  focus  on  the  elements  of  the  data  that  

are considered critical based on the needs of the user in the business. The quality of data can be measured and improved using 

the metrics methodology. This writing tries to represent how quality of can be quantified for selected dimension. At first, several 

requirements for defining a metric for measurement are stated. Furthermore, analysis of metrics is discussed with respect to the 

requirement of the company to improve data quality. After that, on the basis of available approaches, new metrics for the 

dimensions completeness and timeliness that meets the defined requirements are derived. Lastly, evaluation of the derived metric 

for timeliness is done in a case study. 
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_______________________________________________________________________________________________________ 

I. INTRODUCTION 

In order to support business and scientific conduct, the necessity for preserving the high quality of data has been highly 

recognized. To test the quality of data, metrics are used and it has become a regular practice that prevails in most of the academic 

and professional fields. Most importantly, it is used in the field of business, where developing the data metrics into analytical 

tools is known to be an integral part of case management applications. Many companies face glitches to ensure Data Quality (10) 

and according to a research by Redman (8) “the total cost of poor data quality” is between 8% and 12% of company’s revenues. 

An example is taken as a series of assessment that are based on the ratings of RAE and academic selectivity in the United 

Kingdom. The academic excellence is calculated by incorporating such types of indexes as a degree granting, fund receiving and 

publishing of into several pre-designed formulas as performance metrics. The quantitative data assessment plays an important 

role in the process of decision-making about the quality of data and research. [6] 

The data quality metric serves multi-faceted purposes. In simple words, it helps in  (1) setting the objectives for the quality of 

information from the creators of data, and managers to achieve, (2)   establishing   standards   for   producing   the   data   and   

(3) providing techniques to judge and measure the quality of data. Rules have been made for such metrics so as to define the 

thresholds in order to meet the expectations of the professionals and governing the aspects and levels of measuring the quality of 

data. An underlying structure has to be used in the way of organizing and configuring the rules. This helps to specify the process 

of transformation from data quality expectations of the group and works to prevent unprofessional conduct. 

II. DEFINING QUALITY 

There is no  unique  connotation  for  the  word  “quality”.  It  is difficult to define quality with an absolute concept. The quality 

of data in the context of software systems relates to the benefits that can be derived by an organization. The data quality is 

dependent on various aspects. Thus, to determine an accurate measure for the quality of data, one unique attribute has to be 

chosen for considering the contribution of other attributes of the quality of data as a whole. Following dimensions can be used to 

describe the Quality of data (See Figure 1 and Table 1): [3,4,6] 
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Fig. 1: Dimension of Data Quality 

Table – 1 

Defining Data Quality Dimension 

Dimensions Definition 

Relevance The importance of each piece of information stored in the database 

Reliability The sources of data are reliable. 

Correctness The real world situation is represented by each set of stored data. 

Timeliness The data has been updated on time and with adequate frequency 

Precision The accuracy of the stored data is enough to characterize it. 

Unambiguous Each piece of data carries a unique meaning. 

Accuracy It  refers  to  the  level  of  data  that  can  be accurately represented. 

Objectivity Data    is    objective,    i.e.,    no     judgment, interpretation,   or   evaluation   of   people   is required. 

Security Access is secure and limited 

Completeness It refers to the absence of the essential data, i.e. how much available data is missing 

It is to be noted that by getting a “high score” in any of the dimensions does not simply mean that a high quality of data has 

been achieved. For instance, the timelines may be important only in conjunction with correctness (Correct information about 

users is available, but if it is not updated, then it is of no use). In some or the other way, these attributes complement to each 

other. 

III.  DATA QUALITY AND METRICS 

 Measuring and Defining the Quality of Data 

 Interesting and relevant dimensions should be chosen:  all the dimensions are not relevant in all the situations. 

 The metrics for the chosen dimension should be defined 

 The value or range that represents good and bad quality data should be defined for each metric. 

 It should be determined for each metric that whether the quality of data is acceptable or not, and appropriate corrective 

actions should be taken: If the scores for data quality that were obtained do not match with the expected ones, there are 

several possibilities. For example, if the value is “not so bad” there is no compulsion to take action to improve the data 

quality. However, if the values are bad but the costs to correct them seems higher than the expected benefits, and then also 

nothing has to be done. If the effects of the dimension are crucial, or decision is taken to correct the data anyway, 

appropriate decision to clean the data and the process of generating the data are used to improve the data quality.[7] 

A unification of objective and subjective estimates is understood as a metric. However, along with the quantitative 

measurement, qualitative efforts also play a crucial role in the estimation process. To accommodate the analysis of the subjective 

and objective estimates associated with a specific dimension so as to qualify the data a quadrant scheme can be used. In this type 

of a structure, the outcome realized after the analysis is recorded. The outcome should lie within one of the four quadrants, in 

which Quadrant IV (See Figure 2) comprises the state of the quality data, whereas the conclusions of the estimates in rest of 

Quadrants, i.e., I, II or III requires further investigation to find the cause and corrective actions that can be undertaken. At a 

minimum level, it will help  to  ensure  the  development  of multi-level and  multi- tasked metrics so as to measure the quality of 

data. [2] 
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Fig. 2: Assessment of Data Quality 

 Defining Metrics 

The following principles have to be considered while defining data quality metrics: 

While operating in an economic oriented DQ management, various requirements on the DQ metrics can be stated so as to enable 

a practical application. [1,6] 

1) Metric should be normalized as it is important to assure that the results are interpretable and comparable. In this context, 

DQ metrics values usually have value ranging between 0 (completely bad) and 1 (flawlessly good).[9] 

2) Metrics should not subject to changes in the number of records in the warehouse. 

3) Metrics should not be dependent on each other, such that the two metrics does not measure the same effect; 

4) In order to quantify the DQ in a goal-oriented way, it is important for the metrics to be adapted in the context of a particular 

application. 

5) Metric should accurately reflect the Degree to which the data meets the associated data quality. 

6) In order to enable their application, determinable input parameters for the metrics should be used. In the way of defining 

metrics, it would be better to define the measurement methods and in few circumstances where it is not possible to exactly 

measure, the cost-intensive, other methods can be used. 

7) The chosen metrics should be kept to a reasonable number, because using several metrics at a time may usually create 

confusion instead of clarification. 

8) The measurement that is demanded should be “easy to interpret by the users of business concerns”. In such cases, the DQ 

metrics should be clear. E.g., when a metric for timeliness is estimated, there is a possibility that it could be interpretable as 

the probability of updating the attribute value within the database on time. 

9) A flexible application shall be allowed by the metrics if the case is related to a relational data model. The metric should 

have aggregation  so that it can be applied to correspondent objects  (data model, database instance, documentation, etc.), 

whenever possible.  

 Choosing Dimensions of Data Quality 

To measure the data Quality, metrics are required for quantifying Data Quality in order to provide solution questions like the 

following: Which measure progresses Data Quality the most and which one provides the best benefit/costs ratio? 

Figure 3 shows a closed loop for management of Data Quality. This closed loop can be inclined via DQ measures. Taking 

appropriate  measures  will  improve  the  current  level  of  Data Quality which is quantified by using metrics. This will lead to 

corresponding benefit.   Also, on the basis of Data Quality level and considering thresholds, an organisation can decide whether 

to take any further action or not. From an economic perspective, the measures which are efficient with respect to costs and 

benefits [11,12] should be considered. If we are given two measures, we should choose the one which will cost less. 

 
Fig. 3: Data quality loop 

In this research work, the primary focus is on the dimensions: Completeness and timeliness which are necessarily required by 

an organization to maintain high data quality. 

Certain types of attributes should be assigned values in the set of data  in  an  expectation  of  indication  of  completeness. 

Completeness can be of two types: 

The completeness of data is an  error of omission  that can  be measured  and  observed  between  the  database  and  the 

specification. 
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Model completeness reflects the agreement made between the specification of database and the universal abstract which can be 

used for a specific database application. 

Rules  for  completeness  can  be  assigned  to  the  set  of data  in different levels of constraints: 

 Attributes that are mandatory and require a value 

 The attributes that are optional and may have a value that is based on some set of conditions. 

Completeness can be seen as encompassing the usability and appropriateness of the values of data. 

The data model should be defined in such away that it will represent the real world completely. There can be two sources of 

deficiencies: however, certain attributes of data are not included in the model or an incorrect representation of certain 

attributes is included in the model. In both the cases, these problems can only be pointed out by the user of the information. 

stotal be number of times data could not be stored in the database (does not fit in the model). 

mtotal  be number of times a value for an attribute could not be stored in the correspondent field 

Total number of times a field could not be stored, n =stotal*mtotal 

QCompleteness=  

Where QCompleteness is a metric defined for measuring data correctness, n is number of times data could not be stored in the 

database, m is the number of time data could not be saved due to incompatible data type of the field. 
Table – 2 

Improvement in QCompleteness 

 
Along with completeness, timeliness is also being considered. 
Following queries can be catered by the timeliness: 

 What percentage of data is updated? 

 Frequency of updating the data? 

The main concern is to check that how accurate is the data with respect to time (deadlines). [4]. If attributes that are 

dependent on time are known and whether the specific values are outdated is also known, then a test over the data can be 

used so as to estimate whether the number of records is outdated or not. This technique is known as a Temporal Test. In order 

to categorize the data as useful, metrics such as the frequency to accesses the query the data is added to the metrics which is 

given by: 

Qtime (w,A):=exp(-decline(A) age(w,A)) 

This is a metric provided by Heinrich. [5]. Where Qtime (w, A) depicts the probability that the attribute value is still valid.  

age(w, A) denotes the age of the attribute value w, which can be computed by means of two factors: the instant when DQ is 

quantified and the instant of data acquisition.  

decline(A) is the decline rate indicating how many values of the attribute considered become out of date on average within 

one span of time. 

A new dimension of the number of accesses to query the data is added to the metric defined above to cater the importance of 

data retrieval in Qtime. 

As number of accesses is directly proportional to the quality of data in terms of timeliness, modify equation 1, derivation 

would be: 

 
For attributes that has accessed many a times, N is chosen to be very large, and age(w,A)->0, i.e age is limiting to zero, the 

metric would result to 1: 

 
Also, metric value can be 1 when attribute has less declination i.e. decline (A)->0 and that attribute has be accessed many 

times i.e. N->∞ 

In this case quality metric can be defined as follows: 
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IV. APPLICATION OF METRICS 

The evaluation of the developed metric for timeliness is illustrated in this section by using a case study. Here, two attributes will 

be taken  and  the  metric  to  measure  the  quality  will  be  defined. Taking  case  study by Heinrich  as basis, the metric  

defined  is extended as following: [5] 

Let  A1  be  Name,  and  A2  be  address  of  a  customer  for  the company. 

We know that the name of customer is rarely modified whereas modification of address is more, so we decide the values; 

For A1, decline as 0.02 Weight=0.99 

N as 2, considering that with every access of database, name is accessed almost every time. 

Whereas for A2, decline as 0.10 

Weight=0.90 

N as 0.5 assuming no of times addressed is retrieved from the database is half of the average retrieval of attributes. 
Table – 3 

Quantifying Qtime using metrics 

 
The value of the metric on the level of tuples is computed via aggregation of the results on the level of attribute values: 

 
Hence, the resulting value of the metric for timeliness of the exemplary tuple is 83.5%. It means that the value of the tuple 

provided for a given application is updated on time at a level of 

83.5%. 

Compared to Heinrich metric, where resultant Qtime was calculated as 88.2%, new result of 83.5% is found which is 

calculated by using new metric.  This metric provides detailed perspective of Qtime. 

After measurement, of the quality of data, the decision will be taken that whether the database is to be purchased and updated 

to improve the quality of data, or the work should be done with the incorrect one. 

V. SUMMARY 

In this paper, how DQ dimensions can be quantified has been analyzed. The aim of this paper was to design some innovative 

metrics for the Completeness and timeliness of DQ dimensions. However, the metrics can be applied in other domains too, in 

which data values become outdated after a period. One can also use them in the cases where the data values become incomplete 

during the attaining or changing. It is considered reasonable to apply the metrics if a dataset is taken as a base for making 

decisions or is processed, provided that the above assumptions are taken into consideration. This point of view can also be used 

in the management, production or logistic functions. In contrast to the  current  approaches,  the  design  of  the  metrics  was  

made keeping in mind the important requirements like interpretability and feasibility. Quantifying DQ is allowed by them, and it 

thereby acts as a foundation for economic analysis. Moreover, the metric that is proposed for timeliness helps to enable an 

objective and automated measurement while serving the steps of the quantifying process. 
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