Submitted for Review to Fifth International Symposium on Software Metrics1Experiments with Coupling and Cohesion Metricsin a Large System*Timothy C. Lethbridge and Nicolas AnquetilSchool of Information Technology and Engineering150 Louis Pasteur, University of OttawaK1N 6N6 Canadatcl@site.uottawa.ca, anquetil@csi.uottawa.caAbstractWe apply coupling and cohesion metrics to various decompositions of a largetelecommunications system. Several findings emerge: 1) There is a baseline level ofcoupling and cohesion that represents the average connectedness of any pair of files in thesystem. 2) As would be expected, measures of cohesion are greater than this baseline inwell-defined subsystems. 3) Interestingly, and contrary to intuition, measures of couplingfor such subsystems tend also to be greater than the baseline and to increase as cohesionincreases. 4) It is possible to easily calculate upper bounds for coupling and cohesion thatno subsystem in a given system can exceed. 5) Measuring quality by subtracting couplingfrom cohesion, as has been proposed in the literature, gives anomalous results sincecoupling and cohesion are frequently not on the same scale. We propose improvedcoupling, cohesion and quality metrics that normalize for the baseline and ceiling levels in agiven system. Using our proposed metrics it should be possible to compare differentsystems, something that the current metrics do not permit.1. IntroductionThe general objective of our research is to assist software engineers to understand verylarge software systems that are typically poorly documented and organized. Part of ourapproach to this problem involves automatically extracting subsystems—Software engineerswill use the extracted subsystems (also known as �clusters�) to guide their exploration of anunfamiliar system. For related research see Lakhotia (1997) and M�ller et al (1993).In order to validate our subsystem extraction methods, we wish to evaluate them forquality. We hope to show that the extracted subsystems in some sense encapsulate someuseful aspect of the architecture. One approach to such evaluation is to look at coupling andcohesion. In this paper we discuss the use of coupling and cohesion metrics from theliterature. We explain several problems with them, particularly the fact that calcuated valuesdo not fall within the same range from system to system.The next section describes methods we have been using for calculating cohesion andcoupling, and a derived measure of quality that is the difference between cupling andcohesion. The subsequent section describes experiments we have performed using thesemetrics. The remainder of the paper describes problems with the conventional metrics, andproposes improved, normalized, metrics.

* This work is supported by NSERC and Mitel Corporation and sponsored by the Consortium for SoftwareEngineering Research (CSER).

Submitted for Review to Fifth International Symposium on Software Metrics22. Background2.1 General method of calculating coupling and cohesionWe use the method for calculating coupling and cohesion described in Patel et al (1992) andKunz and Black (1995). The only difference is that in our case we are clustering files,whereas Kunz and Black were clustering �processes�. The basis for this method is afunction SimW(X,Y) that takes two files X and Y, computes vectors XW and YW from these(described below), and computes a value between 0 and 1:

SimXYXYXY W W T W W W ( , ) =_·

Several different types W of vectors can be used in the similarity functions; these aredescribed in the next section.The more similar two characteristic vectors, the more closely related their files are likely tobe. We would expect a cohesive subsystem to have all its files closely related. Thus Kunzand Black describe their metric for cohesion as the average similarity of all distinct pairs offiles in a cluster P:

CohPSimpmW W i ji j( ) ( , )( ) /= ->� 1 2

Here, m is the number of files in the cluster P, and each p is a member of cluster P.Coupling is correspondingly defined as the average similarity of all pairs of files in thesystem, such that one file in each pair is in the cluster P, and the other file is outside thecluster:

Coup

PSimpqmnW W i ji j( ) ( , ),= ·�

Here, m is the number of files in cluster P, and n is the number of files not in cluster P.A good subsystem is expected to exhibit high cohesion and low coupling. However,because there are two separate metrics, comparison between subsystems is difficult. If onesubsystem has higher coupling (better) and higher cohesion (worse) than the other, it is notclear which one is the best. Kunz and Black defined a metric for the quality of a system assimply the difference between the cohesion and coupling:

QPCohPCoup

PW W W( ) ( ) ( )= -

2.2 Methods of calculating the similarityFor the method described above, the similarity measure SimW (X,Y), depends on how thecharacteristicvectorsareconstituted.Forourexperiments,weusedthreedifferentmethodswhichwearediffentiatingusingtheWsubscriptintheaboveequations:TR:Acharacteristicvectorcountsthereferencestoparticularuser-definedtypes withinthefile it describes. This is the method used by Kunz and Black (1995).

Submitted for Review to Fifth International Symposium on Software Metrics3DR: A vector represents the use of named variables in the two files being compared, asdefined in Patel et al (1992).RC: A vector represents the calling of routines in one file by routines in the other and vice-versa. We introduced this method to see whether different ways of computing cohesion andcoupling affect our results.3. Experiments with coupling and cohesionWe performed our experiments on a telecommunications system consisting of about 4500files. We used the 11 techniques described in table 1 to cluster these files into subsystems;our original objective was to evaluate the effectiveness of these techniques at extractinghighly cohesive subsystems which were as loosly coupled with each other as possible.However, in the context of this paper, we became more interested in evaluating thecohesion and coupling metrics themselves.Description of clustering techniqueClustering technique number (where 1 means least cohesive and 11means most, according to figure 1)Clusters created manuallyClusters selected by experts (did not include all files)6Clusters recorded in the configuration managementsystem3Similar to 3, but only considering clusters containing atleast one file from the experts’ partition (6)4Clusters generated automatically.. using similarity based on data referencesAutomatic data-reference clustering7Similar to 7, but only considering clusters containing atleast one file from the experts’ partition (6)11... using similarity based on routine callsAutomatic routine-call clustering8Similar to 8, but only considering clusters containing atleast one file from the experts’ partition (6)10... using similarity based on abbreviations infile names (Anquetil and Lethbridge 1998)Automatic file name clustering1Similar to 1, but only considering clusters containing atleast one file from the experts’ partition (6)5Similar to 1, but only considering first abbreviation ineach file name2Similar to 2, but only considering clusters containing atleast one file from the experts’ partition (6)9Table 1: Eleven clustering techniques used in experiments.

Submitted for Review to Fifth International Symposium on Software Metrics4

00.20.40.60.81

1357911

Cohesion

Coupling

Coupling clustering techniqueclustering technique clustering techniqueFigure 1: Un-normalized cohesion (dashed line) and coupling (solid line) forsimilarity methods TR, DR and RC respectively. Clustering techniques from table1 are shown on the x axis.Similarity methodCoefficient of linear correlationbetween Coh() and Coup()TR0.86DR0.57RC0.53Table 2: Correlations between cohesion and coupling for the similarity methodsFigure 1 shows coupling and cohesion calculated according to the method described insection 2, for each of the 11 clustering techniques and three similarity methods. Thefollowing observations can be made about the figure:¥Coupling is roughly correlated with cohesion; in other words, coupling and cohesiontend to increase together. Table 2 shows the correlation coefficients for each of the threesimilarity methods. These observations might seem non-intuitive — one might imaginethat as one improves design, or improves partitioning of a system, the cohesion shouldincrease and the coupling should decrease.However, the evidence to the contrary can be explained as follows: Imagine asubsystem S containing a file that is highly coupled with many other files throughoutthe system (perhaps because it is a utility). Then the presence of this file in anysubsystem would tend to increase both coupling and cohesion. A similar argument canbe made explaining how an individual file with very low coupling to any other file(perhaps it performs an isolated function) would tend to decrease both the overallcoupling and cohesion of any cluster in which it is placed.¥The three similarity methods give roughly similar indications about which clusteringtechniques have the highest and lowest cohesion and coupling . In all three cases,clustering techniques on the left have lower values for the metrics, and the metricsgenerally increase towards the right. This observation implies that we do not need to beconcerned about which similarity method we use.¥The distance between the two curves in figure 1 corresponds to the quality metric Q;this is shown separately in figure 2. Q is supposed to measure quality by combiningcohesion and coupling metrics additively (where coupling is negated). However, sincecoupling is always less than cohesion, yet is measured on the same zero-to-one scale, italways contributes less to the overall Q metric. Furthermore, since coupling increasesless quickly than cohesion, for higher values of Coh, Q becomes ever more dependent

Submitted for Review to Fifth International Symposium on Software Metrics5solely on Coh and thus Coup becomes irrelevant. This anomaly in the Q metric isespecially clear in the case of similarity method RC, where Coup values are alwaysrather low. Table 3 shows the extent to which the Q values are correlated with Coh, andCoup. in fact, it is rather striking that Q is positively correlated with coupling and seeesto be saying that as coupling increases, so does quality.We will rectify these problem with the Q metric when we derive a new metric in section4.

00.050.10.150.20.250.30.350.40.450.51234567891011

TRDRRCmean

clustering techniqueFigure 2: The quality metric Q for the three similarity methods.

Similarity methodCorrelation of Q with CohCorrelation of Q with CoupTR0.970.71DR0.990.48RC1.000.50

Table 3: Illustration that the quality metric Q() is very tightly correlated withcohesion.4. Deriving improved metrics4.1 Baseline values for coupling and cohesionGiven the methods of calculating coupling and cohesion described above, it is apparentthat, for each similarity method, there is a baseline value for the coupling and cohesionmetrics:

BCohSW W= ( )

where

CohSW ( )

is the cohesion of the entire system, i.e. the average of the similaritybetween all pairs of files. Random subsystems will tend to have:

CohPCoup

PBW W W( ) ( )= =

Column 2 of table 4 shows the value of B for each similarity method. The B values canalso be seen in figure 1 where the coupling curves are slightly above the baseline in all threecases. Note that it is possible for Coh and Coup to have values below the baseline. If Coh

Submitted for Review to Fifth International Symposium on Software Metrics6were below the baseline, it would be indicative of an utterly uncohesive subsystem — worsethan in the random case. It would clearly show good design if Coup were to be below thebaseline in a subsystem, however in our system it rarely occurs that the average subsystemhas this property.We will use the B values to help derive a new metric in section 4.3.

Similarity MethodBCcohC coupTR0.2081.0000.443DR0.0381.0000.152RC0.0161.0000.081

Table 4: Baseline and ceiling values for coupling and cohesion in the system understudy4.2 Ceiling values for coupling and cohesionFor any given system and similarity method there will be maxima that the cohesion andcoupling of no subsystem can exceed.We can calculate the cohesion ceiling thus:

CSimqcoh i j W i jW Max= ( )> ( , )

In other words, the highest similarity between any pair of files in the entire system. Itshould be clear that no average of similarities, and hence no cohesion metric for a cluster,could ever exceed this. In the system we studied,

CcohW

always equals 1, since there isalways at least one pair of files that have identical similarity vectors. This is shown incolumn 3 of table 4.The cohesion ceiling is also an upper bound on the coupling, however an improved upperbound can be defined as:

Coup

Pcoup n WW Max= ( )1 1, ( )

This is the largest coupling value for all one-file clusters. No larger cluster could have alarger coupling since the calculation of Coup for such a larger cluster would necessarilyinclude file clusters that have a lower Coup than that which was found to have

CcoupW

.Values of

for our experimental system are shown in column 4 of table 4. Note that ,especially for similarity method RC, they are very low. Note also that the graphs in figure1, approach these calculated upper bound figures.As with the baseline metric, we will use the

and

values in the derivation of newmetrics in the next section.4.3 Normalizing coupling and cohesionThe following summarizes problems identified so far with the metrics described in theliterature::¥The baseline and ceiling values, B, Ccoh and Ccoup, and hence theranges of themetrics,willdifferbetweensystems andbetweensimilaritymethods. Thus, ifusing theseoriginalmetricsitisimportantnottocomparevaluesfromonesystem toanother. Itis

Submitted for Review to Fifth International Symposium on Software Metrics7also not possible to compare one�s system to systems whose cohesion and couplingvalues are quoted in the literature.¥The Q metric (Cohesion minus coupling) tends to be highly correlated with cohesionand positively correlated with coupling, which is misleading. These anomalies occurbecause the scales on which values of cohesion and coupling fall are quite different —coupling usually being a much smaller value.We can solve both of the above problems by normalizing the cohesion and coupling metricsso that the zero point corresponds to the baseline B, and the 1-point corresponds to theappropriate ceiling C. Thus, the normalized cohesion and coupling metrics can becalculated as follows:

NCoh

PCohPBCBW W Wcoh WW( ) ( )= --NCoup PCoup

PBCBW W Wcoup WW( ) ( )= --

Both these metrics have an upper bound of 1, and a theoretical lower bound of -B/(C-B).For cohesion, the practical lower bound will be zero: if the cohesion were below zero thenwe have an extraordinarily bad subsystem that is less cohesive than a random system. Forcoupling it is possible to have values that are slightly below zero, but well above -1.1Figure 3 shows three graphs of normalized coupling and cohesion in our experimentalsystem, one for each of the similarity methods.

-0.200.20.40.60.81

1357911

Cohesion

Coupling

Coupling clustering techniqueclustering technique clustering techniqueFigure 3: Normalized cohesion (dashed line) and coupling (solid line) forsimilarity methods TR, DR and RC respectively. Compare this with figure 1.Compared with the non-normalized metrics in figure 1, the cohesion curves are visuallyvery similar. The coupling curves, however, yield greater information since they covermuch more of the range of the graph.

1 Actually, in a rather odd system where the similarity between all pairs of files is almost equal, the lowerbounds for our normalized metrics approach negative infinity. However we cannot envisage a realisticsystem where the lower bound would be less than about -1. If it were, the system would be so trivial thatwe wouldn�t waste our time calculating these metrics.

Submitted for Review to Fifth International Symposium on Software Metrics8The effect of normalization becomes even more prominent when we calculate the newquality metric thus:

NQPNCoh

PNCoup

PW W W( ) ( ) ( )= -

Experimental values of NQ are shown in figure 4. When compared with figure 2, twothings become apparent: The two curves have common features, with high points atclustering technique 5 and 9, plus low points at clustering techniques 6 and 10. When onelooks at the values, however, there is a dramatic change from what Q considered to be thebest and worst quality versus what NQ considers best and worst: For example, Qconsidered technique 1 to be the worst, followed by technique 2; NQ considers technique 6to be the worst, followed by technique 3.

-0.2-0.10.00.10.20.30.40.50.61234567891011

TRDRRCmean

clustering techniqueFigure 4: The quality metric NQ for the three similarity methods.These changes have occurred because in NQ, coupling is being taken into account withequal weight to cohesion. In Q, the weighting of coupling was arbitrary and negligible. Tofurther illustrate the effect of normalization, note that in table 5 NQ is no longerunreasonably correlated with cohesion. In fact, as would be expected, it is eitheruncorrelated or positively correlated with cohesion, and uncorrelated or negativelycorrelated with coupling.

Similarity methodCorrelation of NQ with NCoh or CohCorrelation of NQ with NCoup or CoupTR-0.05-0.55DR0.48-0.45RC0.75-0.15

Table 5: Illustration that the normalized quality metric NQ is, in general,positively correlated with cohesion and negatively correlated with coupling.5. Conclusions and future workWe can draw the following conclusions from the experiments and new metrics presentedin this paper, to the extent that the large system with which we experimented ischaracteristic of systems in general:¥No matter which of three alternative methods we use to compute similarity, we obtainroughly the same information about the coupling and cohesion of subsystems.

Submitted for Review to Fifth International Symposium on Software Metrics9¥Cohesion in systems tends to be correlated with coupling. Thus, these metrics shouldnot be thought of as completely independent indicators of quality.¥The design quality metric Q, which is the difference between cohesion and coupling,tends to be dominated by cohesion, and can therefore not be considered an independentmetric.¥Standard cohesion and coupling metrics produce values that are typically in a narrowrange which depends on the system being studied. We can efficiently compute, for theentire system an upper bound(C) for each of coupling and cohesion, and a commonbaseline (B) for both metrics. No subsystem will have its cohesion or coupling abovethe respective C value, whereas the baseline value represents random couplng andcohesion in the system.¥By mapping the B and C values to zero and 1 repectively, we can derive normalizedmetrics whose values fall within a consistent range (with occasional negative values forcoupling) no matter which system is being compared or which method is being used tocompare files. These normalized metrics should allow researchers and project managersto compare systems more effectively.¥The normalized design quality metric NQ (the difference between normalized cohesionand coupling) is much more reasonable than Q. The original Q metric is notindependent from the coupling metric. The new NQ metric, on the other hand, tends tobe positively correlated with cohesion and negatively correlated with coupling.Now that we have presented these results for one software system, the most importantfuture work will be to replicate them with other systems. Another possible researchdirection might be to experimentally modify the weight of NCoup and NCoh (from thecurrent equal weighting) to discover a quality metric that corresponds best with softwareengineers� subjective opinions about quality.ReferencesAnquetil, N and T. Lethbridge, �Design Quality of Subsystems Extracted from FileNames�, submitted to Working Conference on Reverse Engineering, 1998a.Anquetil, N and T. Lethbridge, �Extracting Concepts from File Names: A New FileClustering Criterion�, Int. Conf. Software Engineering, Japan, 1998b.Kunz, T and J. Black, �Using Automated Process Clustering for Design Recovery andDistributed Debugging�, IEEE Trans. Software Engineering, 21, 6, June 1995, pp.515-527.Lakhotia, A. �A Unified Framework for Expressing Software Subsystem ClassificationTechniques�, J. Systems and Software, 36, March 1997, pp. 211-231.M�ller, H.A., M. Orgun, S. Tilley, and J. Uhl, �A Reverse-Engineering Approach toSubsystem Structure Identification�, Software Maintenance: Research and Practice, 5 pp181-204, 1993Patel, S., W. Chu and R. Baxter, �A Measure for Composite Module Cohesion�, Proc14th int. Conf. on Software Engineering, Melbourne, Australia, May 1992, pp. 38-48.