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Abstract:  In many applications, the use of ordinal data measures are appropriate for ranking procedures.  Yet, there 

is no clarity on the appropriate analysis techniques for identifying agreement of such measures when a single 

outcome is needed, for instance in the context of recommender systems.  Routinely, researchers treat these data as 

though they are continuous and fit sufficient conditions for parametric techniques.  Realizing the flaws in this 

approach, this work seeks to compare alternative statistical methods to quantify qualitative measures in the context 

of a decision support system.  Consensus measures may provide a summarization of ordinal data collected as part 

of performance assessments.   When combined with a methodology to create a performance-consensus vector (PCV) 

it is possible to provide an analytical foundation for addressing the limitations in existing methodologies for 

analyzing qualitative ordinal data. The argument is to use PCV as an objective determinant for assessing 

performance that is appropriate for integrating both traditional quantitative measures and qualitative metrics 

collected as ordinal data when it is combined with item-based recommender algorithms and machine learning 

techniques.  This paper describes the methodology and features of the Performance-Consensus Vector Corporate 

Performance Management / Decision Support System (PCV CPM/DSS) Framework by not only addressing the 

analytical limitations in existing performance management systems, but providing comparison between this 

approach and similar methods for quantifying and comparing vectors of qualitative judgement data.  This work 

explores better methodology for using qualitative and ordinal performance data in a framework that improves 

precision and enhances decision making through referential recommendations.  
 

 

1.  INTRODUCTION 

In a time of increasing transparency, the importance of Human System Integration (HSI) concepts for any 

organization is significant.  Human Systems Integration is an umbrella term for several areas that include 

human performance, technology design, and human-computer interaction.  In an HSI context, systems are 

comprised of hardware, software, and humans.  The overall success of any system, exclusive of its 

components, is dependent on how well the system is integrated through the concept, 

acquisition/development, production and deployment, sustainment, and disposal phases of a system’s life 

cycle.  Research has shown that success and failures in any of these phases directly impacts return on 

investment [1].  From the standpoint of return on investment a significant portion of the HSI domain may 

be generally viewed from a performance management perspective.  Unlike HSI, performance management 

is broadly understood and widely accepted.  While it may be debatable whether people truly understand 

performance management, most people grasp the concept.  By framing HSI considerations as key 

performance areas or indicators, it becomes possible to standardize and thereby incorporate the 

quantification of HSI compliance and metrics throughout a system’s life cycle.   Subsequently, decision 

support and performance management systems’ approaches can be applied.  However, to adequately 

accommodate HSI factors and metrics, qualitative measures must be incorporated within the scope of the 

management system. 

 

Qualitative measures capture the human element of system evaluation and as such, are a necessary 

consideration for a decision support (DSS) or performance management system (PMS) that addresses HSI 

concerns.  Prior research has demonstrated that combining qualitative measures with quantitative 

measures can lead to improved performance management outcomes and this benefit would theoretically 
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extend to HSI evaluations [2].  Properly measuring what truly matters is critical to quantifying compliance 

and outcomes; yet doing so presents a challenge for eliciting quantifiable data, particularly in the case of 

qualitative measures.  In an ideal world, all performance measures would be continuous cardinal or ratio 

data, but data from qualitative assessments frequently do not lend themselves to this nature.  Often 

qualitative measures are collected through the means of Likert scale survey (e.g., 1=strongly disagree, 

3=agree, and 5=strongly agree) or similar methods.  These data are then entered and analyzed within a 

DSS/PMS. It is common practice for systems to calculate the mean values for this data and utilize it for 

tracking or analysis purposes. 

 

This approach, while commonly practiced and broadly accepted, is statistically inappropriate because 

despite their numerical representation, scale survey data are actually class variables [3-5].  Alternative 

methods of integrating qualitative measures either force the measurement of quantitative factors -- 

ignoring truly qualitative ones (e.g. defining quality solely by number of defects) or analyze the qualitative 

and quantitative factors separately.  Existing non-parametric statistical analysis method such as 

frequencies, tabulation, chi-squared statistics, and Kruskall-Wallis ANOVA also have limitations in 

performance-oriented applications.  While effective for statistical purposes, these approaches focus on the 

rank or ordinal nature of the data rather than their value.   Because performance analysis requires 

assessment of both, sample value and distribution, this limitation reduces the effectiveness of non-

parametric techniques for performance management applications.  

 

What is necessary is an approach that can effectively integrate qualitative measures with quantitative 

measures yielding a mathematically accurate performance indicator.  Moreover, this method should allow 

the natural measurement of appropriate indicators.  Further, the technique should be transparent to 

practitioners while delivering superior analytical resolution, ideally resulting in a single score value for 

the assessed entity.  The performance-consensus vector (PCV) may meet these requirements when 

combined with referential recommender algorithms and machine learning approaches.  Grounded in 

information theory, the PCV provides a mathematical foundation to address the limitations in existing 

methodologies for analyzing qualitative ordinal data.  The performance-consensus vector provides an 

accurate, objective determinant for assessing performance that is appropriate for integrating both 

qualitative metrics collected as ordinal data and traditional quantitative performance measures.   When the 

PCV is combined with item-based recommender algorithms and machine learning techniques the 

proposed methodology can deliver a complete HSI analytical solution as a PCV Corporate Performance 

Management/Decision Support System (CPM/DSS) Framework. 

 

Applying the PCV CPM/DSS Framework to performance management environments presents two 

significant challenges:  adapting the mathematics, algorithms, and methodology so that they are inherently 

scalable and efficient; and secondly enabling auditors, decision makers, and support systems to interpret 

and understand the knowledge derived from the underlying approach.  The objective of the proposed 

research is to demonstrate the feasibility of reference-based performance management, recommendation 

algorithms, and the performance-consensus vector as the basis for enhanced HSI-related performance 

assessment, monitoring, management, and decision making.  The remainder of this whitepaper will discuss 

previous approaches, the PCV technical approach, practical and research considerations, and potential 

application areas. 

 

2. THE PROBLEM 

HSI by its very name mandates a human centric perspective.  Subsequently, the importance of including 

qualitative assessment is increased.  The inclusion of qualitative data presents significant challenges for 

state-of-the-art DSS and PMS.  Issues with analyzing rank and categorical data can: introduce problems 

in results interpretation, accuracy, and precision; cause compounding errors through aggregation; 
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constrain the range of analysis methodologies; and affect the implementation of assessment tools.  

Consider an example of simple Likert scale assessment where four evaluators assess a given indicator on 

a scale of 1-5 (i.e. 5=exceptional; 4=above-average; 3=satisfactory; 2=marginal; 1=unsatisfactory).  If two 

raters score the indicator a 5 and the other two score it a 1, the resulting mean would be 3.  It is also 

possible that given different assessments that the resulting mean would yield a value that is not even on 

the scale (e.g. 4.5; a little above above-average).  The standard deviation may provide some indication of 

the distribution spread but this makes the assessment a multi-variate result and the standard deviation may 

also yield a value that does not fit neatly on the evaluation scale.  

 

It is not uncommon to score “how strongly” the qualitative factor measures on some sort of class-based 

Likert or similar scale; Likert scales are widely used and accepted. However problems arise when the 

analysis of ordinal, categorical data is misdirected – and the most frequent problem is when these 

measures, which are frequently numerical in nature (e.g. 1-5, 1-7, 1-10), are treated as continuous or 

interval data.  The validity of treating scale data as continuous or interval, parametric data, or even ratio 

data is uncertain.  Moreover, incorrect analysis can reduce clarity and conciseness [6]. The problems 

caused by the initial aggregation of ordinal/categorical data are exacerbated because the aggregated results 

are typically used as part of further analysis (trending, classification, prediction).    

 

Ordinal categorical data can be difficult to properly integrate with other continuous and interval measures.  

Despite research that has shown that combining qualitative measures with quantitative measures can lead 

to improved performance management outcomes [2], the challenge of handling qualitative data often 

encourages practitioners to find alternative quantitative measures in order to avoid the use of qualitative 

evaluation.  Manipulating the key performance indicator can further attenuate the benefits of qualitative 

assessment.  Additional problems occur because the preferred performance reference is often implied to 

be perfection.  The implied perfection reference, when combined with the issues caused by aggregation 

or ambiguous indicators, worsens the precision problem in the non-extreme (most frequent) cases.  

Adjustment for best or worst case performers is well defined and typically straightforward to handle after 

the performers have been identified.  However, those performers who fall in the mid-range (those who 

require and are capable of improvement) merit the most precision and scrutiny. 

 

3. PREVIOUS SOLUTIONS 

The issue of analyzing qualitative data is not a new problem.  Many solutions have been previously 

proposed to address qualitative data analysis issues, but in a performance management context many these 

approaches have significant limitations.   Some solutions include the use of non-parametric statistical 

procedures such as frequencies, tabulation, chi-squared statistics, Mann-Whitney U test, and Kruskall-

Wallis ANOVA.  While effective for statistical purposes, these approaches require a high degree of 

statistical expertise and the mathematical methods focus on the rank or ordinal nature of the data rather 

than their value.  Additionally, sparsity or unequal numbers of measures can present significant challenges 

to many statistical methods.  Other solutions emphasize changing the questions used to elicit specific 

values.  The solutions include the two-stage Likert scale [7] and phrase completion [8].  These methods 

require changes in the eliciting question structure.  As a result, the underlying analysis problems remain 

and when applied to performance management applications, changing the measure question can lead to 

issues with key performance indicator targeting, end user sophistication quandaries, and measure 

neutrality confusion.   

 

In contrast to other statistical methods, the PCV CPM/DSS Framework accounts for both the distribution 

and values and the consensus determination is not susceptible to sparsity or unequal value quantities.  The 

basis for PCV determination are the data that would be collected naturally from Likert or rank scale 

measures; eliminating the need to change existing well-understood instruments.  Consistency in the 
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evaluation instrument has implications that may affect the eliciting responses appropriate for the key 

performance indicator.  The challenges of identifying the correct key indicators and appropriately defining 

how to measure them are clearly related and significant.  Particularly in the case of qualitative measures, 

proper measurement is elusive [2-4].  The PCV composition methodology can support measurement 

diversity in a systematic and precise manner that can be applied to instrument evaluation in a manner 

similar to performance assessment.  From a systems standpoint through this introspective approach, the 

framework can incorporate intrinsic self-verification and validation. While contemporary performance 

management frameworks have gone far beyond the mere accounting of performance metrics, few adopt a 

self-verification and validation approach.   

 

Frameworks such as the balanced scorecard [9], the performance measurement matrix [10], the SMART 

(strategic measurement and reporting) pyramid technique [11], and Brown’s [12] input-process-output-

outcome cause and effect all have emphasized the value of gathering qualitative as well as quantitative 

performance metrics.  Nonetheless, all of these frameworks may be limited or constrained by the 

underlying analytics or analytical methodologies applied to measurement values.  A performance-

consensus vector-based performance management and decision support tool may overcome the identified 

analytical limitations and shortcomings of prior solutions.  The proposed PCV CPM/DSS Framework 

approaches the above issues as a layered problem. The bottommost layer is measurement analysis; if the 

measurement analysis is not addressed subsequent performance management activities are limited.  

Layered on top of effective measurement analysis is the application of referential models to the 

measurements; this increases the focus on defining adequate performance.  The topmost layer applies the 

referential model and provides decision support-oriented recommendations.  In this bottom-up manner, 

the PCV CPM/DSS Framework provides a solution that improves current state-of the-art frameworks. 

 

4.  THE PERFORMANCE-CONSENSUS VECTOR CPM/DSS FRAMEWORK 

To address the issues discussed above, the PCV CPM/DSS framework begins by addressing the 

measurement phase of the performance management process.  The innovation provided by the PCV 

CPM/DSS allows greater flexibility in identifying, selecting and utilizing KPAs/KPIs, while diametrically 

altering the measurement, appraisal, and adjustment phases.  By allowing the standard Likert or qualitative 

scales to be used, and combined with other quantitative interval measures, manipulation of KPAs/KPIs 

for metric purposes is minimized.  The PCV-improved measures allow for greater precision across a 

broader range of analyses, leading to faster more effective appraisal.  In addition to identifying the best 

and worst performance, the enhanced appraisal gives greater exactness to the entities of most interest or 

those that are most likely to be positively affected by adjustment strategies (the mid-range performers).  

In the adjustment phase, the PCV system will incorporate higher order analysis and machine learning 

techniques to further identify and classify entities for decision making purposes using referential or other 

appropriate models.  Moreover, systematic feedback or recommended adjustments to the performance-

related behaviors/activities of the entity of interest can be standardized or potentially automated. 
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In stages, the PCV methodology consists of five steps.  1) Transform any qualitative data into consensus-

based interval values.  2) Combine this transformed data with any quantitative interval data, producing a 

resulting performance vector.  3) Apply decision and judgment related models/weighting.  4) Compare 

the performance vector to reference vectors.  5) Provide support for decision making by making 

recommendations or classifying the results for accolades, encouragement or corrective actions.  A visual 

outline for the PCV CPM/DSS Framework is shown in Figure 1.  From the left side of the figure, 

transactional events and their assessments generate performance related data.  The referential nature of 

the PCV methodology introduces an assessment to define ideal or acceptable KPA/KPI values for the 

metrics that are used to evaluate the transactional events, thereby creating referential performance data.  

This data is used for similarity and baseline analyses.  The data are stored in a database or data warehouse 

and then utilized for analysis after transformation and combination into dimensional performance vectors.    

 

4.1 Using The Performance-Consensus Vector For Qualitative Data Analysis  
The performance consensus vector utilizes two mathematical measures originally proposed by Weirman 

and Tastle [13]: consensus and its inverse (dissension).  These measures provide a statistic for assessing 

the amount of agreement in a sample when data is extracted from a population using qualitative scales 

such as Likert values.  The approach proposed by Weirman and Tastle finds it’s grounding in information 

theory 

and 

entropy determination.  Entropy, specifically the Shannon entropy [14], is useful in quantifying the 

information that is contained in a sample.  Weirman and Tastle adapted Shannon’s entropy to 

accommodate the notion of consensus and its inverse, dissention. From this perspective, Shannon entropy 

measures the information in a statistical distribution, particularly its dispersion.  
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The Weirman and Tastle consensus measure shown in Equation 1 utilizes the sample probability 

distribution to determine the amount of agreement about a point on the scalar interval; in this case the 

mean represented by µ .  Examining Equation 2, the consensus measure for the mean is defined as follows:  

Given a set of ranks (e.g. 5=exceptional; 4=above average; 3=satisfactory; 2=marginal; 1=unsatisfactory), 

let xi represent a rank value from i=1 to n (given the example provided x1=1, x2=2, and so on); dx is the 

width of xi to n (i.e. maximumx - minimumx); µ  is the mean of the sample values; and pi the probability of 

that rank.  This calculation determines the amount of sample consensus about the mean as a singular 

interval value between 0 and 1.  Alone the consensus measure can be utilized as confidence indicator of a 

samples calculated mean. Expanding this concept, 

Tastle and Tastle [15] extended the consensus 

measure by adopting a rank reference that was not 

the mean, labeling it strength-of-consensus.  

Equation 2 shows the strength-of-consensus  
Figure 2:  Performance-consensus vector 

 
Figure 1:  General PCV CPM/DSS Framework 
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calculation.  The strength of consensus calculation replaces the mean with a rank reference and the 

distance is taken as 2dx.  The mathematical proof for the consensus measures is provided in Weirman and 

Tastle [13] and is not included here for space considerations.  
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The efficacy of Weirman and Tastle measure has been illustrated in several research efforts [16-18]. 

Despite the consensus measures’ demonstrated utility, little or no research has been conducted using them 

with machine learning techniques, recommender algorithms, or in performance management systems.  

From a performance management and associated system-algorithms standpoint, the consensus measure 

provides several benefits.  The first is the transformation of ordinal rank data into continuous interval 

values.  The consensus calculations’ use of the base-2 log reduces the effects of scale disparity between 

assessors when scoring.  A second benefit is gained by the nature of the consensus measure being 

continuous and interval; hence appropriate for parametric analysis techniques.  A third benefit is realized 

as the calculation accounts for the assessment distribution and when taken as a vector, also captures the 

sample values. 

 

The PCV CPM/DSS Framework takes advantage of the above benefits and extends the consensus 

measures by utilizing the strength of consensus measure as a vector as opposed to a scalar value. This 

issue can be handled by applying a model-based weighting technique.  The model weight can be used to 

adjust the PCV for factors such as quantity, confidence, or age.  The consensus calculation also lends itself 

to weighting by interval. Interval and model-based weighting approaches provide benefit beyond 

flexibility in the analysis because they do not perturb the assessment implementation process, while still 

providing the capability to adjust the resulting analysis.  

 

In this manner, the consensus transformation permits an exact determination of qualitative assessment 

using an information theoretic measure applied to an ordinal scale. Further, by allowing the assignment 

of weights to both the significance of rank classes as well as the assessed entity, the consensus measure 

exhibits the potential for flexible application in the PCV CPM/DSS Framework.  However, consensus 

determination is only the first step in the PCV methodology.  After this transformation, the resulting vector 

for each qualitative measure can be combined with other quantitative measures such as costs or counts, 

resulting in an n-dimensional performance vector, such as the one shown in Figure 2. 

The performance-consensus vector illustrated in Figure 2 shows a simple 10-dimension vector that is 

composed of six metrics, each labeled by a callout.  Three of the metrics (adequacy of materials, 

management of resources/personnel, and user satisfaction) are qualitative and three (cost, errors, and time) 

are quantitative.  The values that comprise the qualitative metrics’ vector elements are the strength-of-

consensus values for the respective rank data (U, M, S, A, E). While Figure 2 only shows six measures 

and the storage of the vector will follow the illustrated general structure, in practice the PCV may have 

more or fewer measures, depending on the application needs.  

 

Beyond each assessed entity’s vector, the PCV CPM/DSS Framework incorporates a reference vector for 

similarity determination.   To this end, a reference PCV is created that provides a focal point in n-

dimensional space, about which assessed entities’ PCVs can be compared.  This reference PCV defines 

the baseline for adequate performance.  The reference PCV is created by scoring the KPAs/KPIs as defined 

in the assessment instrument and these scores undergo the same consensus transformation and 

performance-consensus vector composition.  It is necessary to have at least one reference PCV such that 

similarity algorithms can be applied, yielding a precise measure of performance.  However, multiple 

reference PCVs may be created to further classify assessed entities using similarity or for application in 

the machine learning algorithms.  The similarity determinant between the reference PCV and assessed-
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entity PCVs provides the measurable assessment of performance, in addition to the underlying data for 

higher order analysis such as trending and machine learning; thus lending the PCV to decision support. 

 

4.2 Applying Recommender System Similarity Algorithms To The PCV 
The consensus transformation and subsequent construction of the PCV create data that are not constrained 

by stringent distribution assumptions and are suitable for analysis using parametric similarity analysis 

techniques.   The application of similarity techniques is a distinguishing characteristic of recommender 

systems and it is from this domain that the PCV CPM/DSS Framework draws innovation.  Collaborative 

recommenders frequently utilize ratings-data (e.g. movies, books, products) to determine similarity 

between users and make suggestions about items/objects of potential interest.  The work of Broome, et al. 

[20] illustrated issues related to the use of ratings data and parametric similarity statistics.  Recommender 

systems are also susceptible to sparsity as discussed in the work of Russell and Yoon [21]. The PCV 

avoids the problems of traditional collaborative recommender systems through the consensus 

transformation, ultimately allowing the use of parametric similarity statistics.  By applying similarity 

analysis to the assessed-entity and reference PCVs, a deterministic, interval measure of performance can 

be acquired.  It is this measure that quantifies performance. 

 

Similarity between the reference PCV and assessed-entities’ PCVs is quantified using the Mahalanobis or 

statistical distance (e.g. Hotelling’s T2 statistic), as these distance calculations account for the directional 

correlations between vectors.  The PCVs may be normalized before the distance calculation to put the 

PCVs into the same coordinate scale, e.g., 0 – 1.  This will calibrate the different dimensions, recalling 

that appropriate weighting may have been applied during the PCV composition.  Equation 3 shows the 

general form for calculating the Mahalanobis distance (d) between two PCV vectors x (an assessed entity) 

and y (the reference PCV), where S is the vectors’ covariance matrix. 

  
d(

r 
x ,

r 
y ) = (

r 
x −

r 
y )T

S
−1(

r 
x −

r 
y )  (3) 

 

The Mahalanobis distance measure quantifies the dissimilarity between the ideal performance reference 

and the assessed entity, providing a single interval-type value for each assessed entity that indicates the 

entity’s level of performance.  This approach can also be utilized to compare the distance of each assessed 

entity to each other, as opposed to the reference, to determine similarity between entities.  Similarly, if the 

PCV vectors are calculated for performance evaluators (i.e., using the evaluator as the focus rather than 

the entity), the PCV CPM/DSS Framework can provide insights about evaluators.  Diversity in 

performance evaluators and their assessments can be a significant contributing factor to variance and 

ambiguity in performance management results [22].  Regardless of the focus of the analysis, PCVs 

combined with similarity computations can produce data appropriate for higher order analysis.  These data 

values can then be applied to ranking the assessed entities, trended against time, or utilized with for other 

decision related analyses such as prediction, classification, or clustering.   

 

4.3 PCV Similarity, Machine Learning, And Decision Support 
The PCV CPM/DSS Framework takes a knowledge directed bearing towards decision support.   It is 

insufficient to simply identify the performance levels of assessed entities.  It is important to provide 

guidance for actions based on the classification of the entity within a defined performance category.  

Towards this objective, the PCV CPM/DSS Framework applies the underlying analytics to provide 

recommendations and suggestions for decision-making.  As shown in Framework overview (Figure 1), a 

database/warehouse is central to the process.  The data storage component of the framework also captures 

the transformed/processed values, allowing this data to be employed in decision support activities such as 

knowledge discovery and prediction.  The similarity measure provides suitable data for machine learning 

approaches such as clustering and classification. 
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5.  PCV CPM/DSS APPLICATION AREAS 

The prior sections of this paper present the PCV CPM/DSS Framework.  The novel contribution of this 

framework is found in the combination of the consensus determination, PCV composition, and referential 

similarity determination methodologies.  The following are potential applications of the PCV CPM/DSS 

Framework: 

 

• Candidate-Task Fit: Given a defined set of expectations, which may even encompass personality and 

behavioral characteristics, the PCV CPM/DSS Framework can be applied to evaluate and predict 

personnel-activity appropriateness and adequacy. 

• Quality and Vendor Management:  Given customer-supplier relationships the PCV CPM/DSS 

Framework can be applied to quantify not only quality and performance assessment but also vendor 

similarities, dependencies, and workflow relationships.  These factors may be of critical concern for 

cloud computing environments. 

• Intelligence and Knowledge Evaluation:  Classifying the value and quality of intelligence sources 

and information, as well as the efficacy of knowledge, are classic qualitative assessments.  Beyond 

quantifying the qualitative characteristics, The PCV CPM/DSS Framework may have applications for 

knowledge discovery in the relationships between information/knowledge, their sources, and their 

value.  
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