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ABSTRACT

The selection process of recruitment in any pasépdwo types of problems for an authority. T firoblem is related to both
the online or offline exam process, in which twormre test paper sets are used (difficulty biaseweral examiners evaluate
the same test paper (examiner's bias). This ndagssinormalization of the scores and the exanunaddministrators use the
equi-percentile method for this purpose. With #gsi-percentile method, both the strict and lenmrdluation can be brought
on a par with same scale level. The second tygwalfiem relates to a similar constraint faced widifierences exist in
difficulty level for two or more sets of questi@pers. The objective of the present study is tisttally convert raw scores to
scaled scores using equi-percentile method so asdocome these problems. The study was condugtedtie examination
scores of a subject “Bengali” over a sample siz&6%?5 examinees evaluated by 23 examiners durimiésMay 2019. The
answer scripts were randomized and then placed®elitferent examiners after proper coding. Thisséias the assumption of
normality for each individual examiner. But as géwaluation process differs due to the inherent bfasach examiner, the equi-
percentile method has to be applied to smoothenheutvaluation bias. In this case, examiner hawraximum median (raw
score) is considered as reference. So all the attemks given by different examiners are transfetmethe same distribution
pattern prevailed with the reference Examiner.His tase, raw scores for reference Examiner is @ted to percentile rank.
Then considering percentile values as independardanpeter and raw marks as dependent parametersecaration is
formulated after checking the nature of the curhickvfits best to the data. Then the same procedureplicated for all the
examiners. The Examiner’s bias cannot be removex ieequi-percentile methodology is performedefach of the subjects for
each examinee because the percentiles are noivadifitnature (because it is a rank, which is atiek measure) therefore,
there shall be a problem while preparing the finagrit list. Now by converting all the raw scorestaled scores by method of
distribution based equalization of scores dependimon the percentile rank solves the problem, bthelraw scores converted

to scaled scores are absolute values and hencel lnastinis the merit list could be prepared.
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INTRODUCTION

During the selection process towards recruitmerniyp post, the authority often comes across twesyf problems. The
first problem is related to both the online or ioil exam process, in which two or more test paptr are used or several
examiners evaluate the same test paper. This rietessormalization of the scores and the examsinadministrators
use the equi-percentile method for this purposés iFhplies that if an answer sheet for a particplaper set is evaluated
by a lenient examiner and the answer sheet fosdinge paper set is evaluated by a strict examinen, it may result in
lesser marks for the examinees whose papers algat@ by the latter. Under such a situation, tpg-eercentile method
is used to bring the strictly corrected answer sbaepar with the lenient one through a statistioathod. In addition to
several prestigious entrance exams, the IBPS okd8anexam, many other exams like the UP Policerieuoent &
Promotion Board etc. use the equi-percentile metkidgith this equi-percentile method, both the steiotl soft evaluation
can be brought to one scale level. There is a pitigsithat a student claims that if his answerethgad been assigned to a
dove (lenient examiner), then his marks would hasen way up the scale than he actually fared ahanels of a hawk
(strict examiner). To address such a case, itdergiml that equi-percentile method is used togobiath of them on par.
The second type of problem relates to a similastaint faced when difference exists in difficukyvel for two or more
sets of question papers. This problem can alsalteeased by the cited methodology. The objectiia®present study is
to statistically convert raw scores to scaled ssarging equi-percentile method so as to overcoraeabove discussed
problems.

Equating is a statistical procedure commonly usetesting programs where administrations across rttuan
one occasion and more than one examinee groupeadrtd over exposure of items, threatening thetisarnd the test. To
the extent that behavioral measures are to be mderthangeably, the outcome scores need to betezhum made
comparable. The process of deriving a function rirappcore on an alternate form of a test onto tadesof the anchor
form, such that after equating, any given scaledreschas the same meaning regardless of which test fvas
administered. Equating methods can be used to taffjudifferences in difficulty across alternaterrfts/ judgments,
resulting in comparable score scales and more atr@stimates in most of the cases for differets eé examinees
examined by different sets of examiners. Heres #ssumed that there exists an inherent ratingrbiag evaluation of the
answer scripts by different examiners. It is furthesumed that an examiner is homogenous in respéat/her rating in
respect of his/her examinees but heterogeneous atitr examiners. This is supported by the follawiiterature.
Statistical equating defines a functional relatopsetween multiple test score distributions dreteby between multiple
score scales. When the test forms have been craateiding to the same specifications and are ainmil statistical
characteristics, this functional relationship ifereed to as an equating function and it servesaioslate scores from one
scale directly to their equivalent values on anotiWghether score distributions are based on samiptes a single
examinee population or different examinee poputatithese are referred to as equating designsheifappropriate
assumptions are met the equating function can bergbzed to other examinees. (Holland &Dorans,&0Bquating with
the equivalent groups design, that is, equatinth@ir simplest and most general form, are refetoetiere and in the
equate package as equating types. These can bgowatel as either linear, including mean or lineguating, or
nonlinear, equi-percentile equating. An additionahlinear type supported in the equating packagédte-arc equating,
as recently introduced by Livingston and Kim (2Q08) this study, the methodology of equi-percenélguating was

adopted. Percentile of a candidate will reflect hmany candidates have scored below that candiddteai batch.
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REVIEW OF LITERATURE

Lawton et. al (2016) have demonstrated that onecoamert University of Pennsylvania Smell Identifion Test (UPSIT)
to Brief-SIT (B-SIT) or Sniffin’ 16, and Sniffin’ 2 to 16 scores in a valid way. This can facilitdteect comparison
between tests aiding future collaborative analgsebevidence synthesis. They used two incidentrtslod patients with
PD who were tested with either the Sniffin’ 16 (431) or UPSIT (n=980) and a validation dataset2# thdividuals who
took both the tests used the equi-percentile aad Response Theory (IRT) methods to equate thetimlifascales. The

equi-percentile conversion suggested some biasgeetWPSIT and Sniffin’ 16 tests across the two gsou

Brossman and Lee (2013) observed Score and Troee S8quating Procedures for Multidimensional Item
Response Theory. The purpose of this research avdswtelop observed score and true score equatoaegures to be
used in conjunction with the Multidimensional ItdResponse Theory (MIRT) framework. Three equatingcedures—
two observed score procedures and one true scocequre were created and described in detail. Gsereed score
procedure was presented as a direct extension idirbensional IRT (UIRT) observed score equating sneferred to as
the “Full MIRT Observed Score Equating Procedur€he true score procedure and the second obsesoame procedure
incorporated unidimensional approximation procedioeequate exams using UIRT equating principlées€ procedures
are referred to as the “Unidimensional Approxiroati of MIRT True Score Equating Procedure” and the
“Unidimensional Approximation of MIRT Observed SeoEquating Procedure,” respectively. Three exarage used to
conduct UIRT observed score and true score equadhi@T observed score and true score equating,eapitpercentile
equating. The equi-percentile equating procedurs e@anducted for the purpose of comparison becaiseptocedure
does not explicitly violate the IRT assumption ofdimensionality. Results indicated that the MIRjuating procedures
performed more similarly to the equi-percentile &ing procedure than the UIRT equating procedymessumably due to

the violation of the unidimensionality assumptiomar the UIRT equating procedures.

Livingston and Kim (2010) in their paper entiti®&ndom-Groups Equating with samples of 50 to 406t Te

Takers employed Five methods for equating in a@emdroups design and were investigated in a sefiessampling
studies with samples of 400, 200, 100, and 50tédstrs. It was done by the criterion equating, thas the direct equi-
percentile equating in the group of all test tak&wguating accuracy was indicated by the root-nmprared deviation,
over 1,000 replications, of the sample equatinghftbe criterion equating. The methods investigatece equi-percentile
equating of smoothed distributions, linear equatmgan equating, symmetric circle-arc equating,samgplified circle-arc
equating. Steenoven et. al (2014) in the articlav@csion Between Mini-Mental State Examination, Meal Cognitive
Assessment, and Dementia Rating Scale-2 ScoresaikinBon's Disease, Mini-Mental State ExaminatiddMSE),

Montreal Cognitive Assessment (MoCA), and DemeRtiding Scale-2 (DRS-2) have been used extensieelgdgnitive

screening in both clinical and research settingParkinson’s disease. The aim of this study waapigly a simple and
reliable algorithm for the conversion of MoCA to MM scores in PD patients. A secondary aim was plyathis

algorithm for the conversion of DRS-2 to both MM&ERd MoCA scores. The cognitive performance of avearence
sample of 360 patients with idiopathic PD was assgdy at least two of these cognitive screenisgfuments. Then, it
was used to develop conversion scores between M8HJ] MoCA, and DRS-2 using equi-percentile equaang log-

linear smoothing.
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MATERIALS AND METHODS

In classical test theory for mean equating, it $ymgdjusts the distribution of scores so that theam scores of one
examiner is comparable to the mean scores of ther @xaminer. While mean equating is advantageeaause of its
simplicity, it lacks flexibility, namely accountinipr the possibility that the standard deviatiohshe scores differ. Linear
equating adjusts so that the two examiners havengparable mean and standard deviation. There arradaypes of
linear equating that differ in the assumptions amathematics used to estimate parameters. Equi+g@decequating
determines the equating relationship as one wheseoae could have an equivalent percentile on reifbem. This
relationship can be nonlinear. Unlike with Item Passe Theory (IRT), equating based on classicadl tte=ory is
somewhat distinct from scaling. Equating is a rawaw transformation in that it estimates a rawsam Form B that is
equivalent to each raw score on the base Form A. s&aling transformation used is then applied gndf) or with, the

equating.

In this case, the study was conducted upon thmieedion scores of subject Bengali over a sampe sf 5525
examinees evaluated by 23 examiners during Aprij-B@19. The answer scripts were randomized andptered before
different examiners after proper coding. This diatisthe assumption of normality for each individegaminer. But as the
evaluation process differs due to the inherent loifashe examiner, the equi-percentile method had®edoapplied to

smoothen out the rating bias. Here,

e The examination has no specified and distinct diunddor awarding marks as it is vernacular andjettive. So

the marks will obviously differ from examiner toaminer on the same style and content of writing.

 As the answer scripts are being examined by maltgtaminers, the marking pattern will be differéot
different examiners, the marks scoring pattern dépeipon the difficulty level of checking and itries from one

examiner to another.

» Due to this variation, the scores can be normalimdg equi- percentile method to take care ofdifference in
difficulty of checking levels, so that no candidd¢éels he/she is at a loss because he/she is juzgadcertain

examiner.

But after converting all the raw scores to a scaleare for each examiner through equi-percentilthatk it is
acceptable only when a clubbed rank is made. Rfarent examiners, all the raw scores are convedequercentile ranks
corresponding to each examiner. This ensures ligahidden/underlying distribution correspondingech examiner is
smoothed out converting to a standard scale iezcemtile scale. This methodology is appropriatestdection procedure
where there is no interview and the selection gadelpends upon the written exam scores. In this alighe percentile
ranks corresponding to different examiners are ldbtogether to prepare the selection list on tsisbof percentile
ranking. This methodology is being followed in flofowing examinations as seen recently viz. RRBPC, CAT, MAT,
IBPS, UPPR & PB. The drawback of the above proad@inon-incorporation of the underlying distriloutipattern to the
scores. The rectification can be described in thllowWwing manner. For this reason, one examiner wlgsen and
considered to be standard of reference. The disiwif equation for that reference examiner was dolmp the method of
multivariate analysis. In that equation, percenté@k is considered as an independent parameteramdscores is
considered as dependent parameter. Then percertkecorresponding to each raw score of each exansrfitted to the

mentioned distribution of the reference examinat ay this way every raw mark awarded by each exanmigiscaled to
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this particular distribution generating the scatmires for each individual examinee. Then by clupkall the scaled
scores of the all the examinees, the candidatesselexted for the next stage of recruitment or salersonality
Test/Interview, as the case may be. But in thig @dsng with written examination, there is an iview procedure which
gives marks on an absolute scale. This problem beaolved by again making the percentile ranking selected
candidates in the case of interview. Then the emitpercentile ranks and interview percentile rapk be clubbed
assigning some weightage to these two parametéeseTweights may be the ratio of the maximum masdsigned to
each test or paper. The drawback of the cited pitoeecan be depicted in the following ways: asstt@res are converted
to ranks, the weighted method will not give theislevel of efficiency to the selection procedurie rectification can
be done after completing the interviewers by adl iterviewers, raw interview scores will againdmaverted to scaled
scores by applying the previous procedure. Ultilyaite the case of final selection, as all the ssowhere there is a
possibility of evaluators’ bias is thus removedthg above procedure of equi-percentile equatindghatefitted to some
reference distribution generating the scaled scoresn absolute scale. These scaled scores casedefar selection

purpose compatible to other raw scores which @& fiom human bias.

The collected data were statistically analyzedubhoSPSS 21.0 and Microsoft Excel Work sheet.

RESULT AND DISCUSSIONS

The study was conducted upon the examination sadrese subject viz, ‘Bengali’ over a sample siZ&525 examinees
evaluated i.e. distributed among 23 examiners dufipril-May 2019. The answer scripts were randomhizend then
placed before different examiners after proper ngdiThis satisfies the assumption of normality éach individual
examiner. But as the evaluation process differstdube inherent bias of the examiner commonly kmes the rating bias
the equi-percentile method has to be applied toosinem out the rating bias. To judge about the eéténdency of each

examiner, the following table depicts the descvipstatistics for the selected sample.

Table 1: Distribution of Marks (Bengali) and their Descriptive Statistics (Arranged on the Basis of

Median
[J] c (] c

o £ o = 5] ) £ o = ©

S| E || § |2 |35 |£| 3| 8 E |2 § |2 |5 |&|&3
o g t| = |®°|2|=2|2|0 g L | = A I I
BO | EX-15| 200| 15.05 6.53 16 ¢ 31 BP EX-16 300 22/08.10| 22| 7| 37
BT | EX-20 | 300| 14.86 5.33 16 g 28 BA EX-1 100 23.88.914| 23| 7| 35
BQ | EX-17| 300| 17.73 6.80 17 ¢ 35 Bl EX-12 300 228857 | 24| 0| 31
BR | EX-18 | 300| 16.09 4.60 17 y. 31 BB EX-2 1p0 2482.113] 25| 13| 31
BS | EX-19| 300| 16.99 4.54 17 ( 30 BJ EX-10 300 23|78.66| 25| 0| 36
BE | EX-5 | 100| 20.15 3.58 20 8 30 B EX-2P  3Dp0 24p0.526] 25 | 4| 37
BI EX-9 | 300 | 18.96] 6.65 20 0 36 B( EX-3 100 25.11 432] 26 | 15| 29
BU | EX-21 | 300| 19.87 6.61 20 3 35 BG EX-7 1p0 2502.304 26 | 5| 33
BN | EX-14 | 300| 20.33 541 21 5 36 BH EX-§ 300 25.37.834] 26 | 0| 39
BD | EX-4 | 100| 22.19) 372 22/ 15 31 BW EX-2B 3p5 25[14.80| 26| 6| 35
BK | EX-11 | 400 | 21.27| 3.9% 22 0 3( BF EX-6 |100| 27.49| 6.37] 28 | 2 | 39
BM | EX-13 | 300| 20.98 5.19 22 0 31 Total Frequency= 5525

From the table 1, it is clear that maximum med&@8 corresponding to Examiner-6 i.e. code BF.isSiglly, a
median of medians is the thumb-rule. But any ofe¢k@miners could be chosen as reference (examirt@g).also satisfies
the method since the underlying distribution of tieéerence examiner is considered. However, takivegmedian of

medians as the reference examiner may lead to erasiwith higher raw scores being awarded loweledcscores
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resulting in grievances for these test takershis tase, maximum median is 28 corresponding toriiher-6 i.e. BF. So
all the other marks given by different examiners tansferred to the same distribution that predawith Examiner -6.
The following Histogram, Box Plots and Normal Q-@tB reveals the nature of the data for furthetasis.
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Figure 1: Frequency Distribution of Marks given by23 Examiners.
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Figure 2: Normal Q-Q Plots of Marks given by 23 Exaniners.

Percentile Ranking Conversion Table

In the case of marks in Bengali, raw score for Bx@&m-6 (taken as reference) is scaled to pereeméhk. Then
considering percentile as independent parameteramdnarks as dependent parameters an equationnwlated after
checking the nature of the curve which fitted bwstthe data. For Examiner-6: independent paramegtercentile,

dependent parameter: raw marks.

. Mumber of candidates appeared in examination — Rank of candidate
Percentile rank = » 100

Number of candidates appeared in examination — 1

Model Summary and Parameter Estimates
Dependent Variable: Marks Independent variablecétdaile

Table 2: Results of Curve Estimation

Slno | Equation R® | Sig. |
1. Linear .885| .000
2. Quadratic .893 .00(
3. Cubic .952 | .000
4. Compound 562 .00(
5. Growth .562| .000
6. Exponential | .562] .00(

The independent variable (percentile) contains pasitive values. The minimum value is.00. The Ldbaric
and Power models cannot be calculated. The indeménariable (percentile) contains values of z@itwe Inverse and S
models cannot be calculated.

From the above table The’ Ralue is maximum for the case of Cubic equatian CBbic equation will explain
more or less 95.2 % of the variability at 1% sigmaint level. So, it is evidently clear that for aulkequation the data fitted

best. This is also supported by the following d#fa fitted curve.

Table 3: Coefficients for the Multivariate Regressbn Curve Assuming a Cubic Model

SI No B (Coefficients) Sig.
1. percentile 0.781 0.00000
2. percentile ** 2 -0.013 0.00000
3. percentile ** 3 0.000082 0.00000
4. (Constant) 11.086 0.00000

The regression equation to be obtained for exaningr

Y(Scaled marks)

= 11.086+ (0.781 x percentile rank) + (—0.013 x percentile rank®) + (0.000082
% percentile rank?)
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Figure 3: Checking the Best Fitted Curve.
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Figure 4: Cubic Curve between Independent and
Dependent Variables.

Figure 5: Box-Plots of Raw Marks given by 23
Examiners.
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Figure 6: Box-Plots of Scaled Scores given by 23
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Table 4: Table Showing Some Raw and Scaled Scor®in the Raw Data

EX-6 Percentile | Scaled EX-6 Raw Percentile Scaled
Code Raw Marks Rank Score Code Marks Rank Score
BF1 9 1 12 BF7 32 83 32
BF2 14 4 14 BF8 36 97 37
BF3 39 100 39 BF9 34 88 33
BF4 39 100 39 BF10 32 83 32
BF5 32 83 32 BF11 36 97 37
BF6 30 68 29

CONCLUSIONS

An equi-percentile method would be statisticallgorious if only there was a single subject papea descriptive type
which needs to be scaled for various examinerséa eut rating bias. Similarly, an objective typsttpaper administered

over several sessions, that is, several test papalifferent difficulty levels would also call faome method to even out
the differences in the test papers.

However, in case of different test papers carryiffgrent maximum marks such as for admission,ui¢ément or
academic tests where marks are awarded for testrpap different subjects, case studies, groupugisson, interview or
personality tests a simple equi-percentile methodlgvnot suffice. In all such cases, the underhdigiribution of marks
awarded by different examiners transferred to ie&ildution of the reference examiner would stltige the raw scores in
a percentile rank. A very important point that mey missed out is that there is a need for the daalgrks (absolute
value) of different subject papers to enable addivegn up for preparing a merit list of test takeks. equi-percentile
method followed by a study of the underlying dimtition of any one examiner (reference examiner) teanasferring all
the raw scores awarded by all the other examinghverting them to a percentile rank with refeeto each examiner
for all his examinees and to a scaled score bygusia reference examiner’s distribution. This wogide scaled scores
(absolute values) which would enable the examinagidministrators to prepare a merit list. Thisdsvaver not possible
in the case of a simple equi-percentile method.
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