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Abstract: LundMackay Score (LMS),modiϐied LundKennedy (MLK) scores quantify degree of opaciϐication for each
sinus by numerical scoring systems. Correlations between LMS on paranasal sinus CT scans, MLK nasoendoscopic
scores and associated tools like SNOT‑22, RSDI, EPOS, PROMIS‑29, etc. showed contrasting empirical results. The
paper discusses methodological limitations of numerical scoring systems and provides a method of transforming
ordinal discrete scores of amulti‑point item to normally distributed proposed scores (𝑃𝑖). Scale scores 𝒮‑scores) as
sum of 𝑃𝑖s also follow normal distribution and can include all indicators irrespective of scale formats. Normality of
monotonically increasingP‑scores and𝒮‑scores of LMS/MLK satisfy desired properties, provide unique ranks to the
individuals, facilitate parametric analysis for diagnosis (ROC analysis), classiϐication and comparisons of different
aspects of chronic rhinosinusitis measured by LMS/MLK and subjective measures of symptom scores reϐlecting
disease severity. The method also facilitates statistical tests of equality of mean and variance of LMS/MLK for two
groups or a single group at different time periods, signiϐicance of disease progression and better computation of
reliability, factorial validity. Proposed method can better assess severity/disability of CRS and include all tools
(pathological, clinical, patient‑reported‑ outcomes and HRQoL instruments) irrespective of scale formats without
any bias for advantaged or disadvantaged groups.

Keywords: Chronic Rhinosinusitis; Lund–Mackay CT Score; Sinusitis; SNOT‑22; Normal Distribution; Disease
Progression

1. Introduction
Computed tomography (CT) scan of the head and neck involves paranasal sinuses in chronic rhinosinusitis

(CRS) patients who are asymptomatic. The degree of such opaciϐication is quantiϐied by Lund Mackay Score (LMS),
which is a numerical scoring system. For radiographic disease severity, CT scans are scored to get LMSwhich scores
each sinus (anterior ethmoid, posterior ethmoid,maxillary, frontal, and sphenoid sinuses) as: 0 (no opaciϐication), 1
(partial opaciϐication), or 2 (complete opaciϐication). The ostiomeatal complex is scored as 0 (not occluded) or 2 (oc‑
cluded). Left and right sides are staged separately. The sinuses are grouped into: frontal sinus, anterior ethmoidal
cells, posterior ethmoidal cells, maxillary sinus, sphenoid sinus and ostiomeatal complex. The scores are summed
and total LMS for a patient ranges between0 (complete lucency of all sinuses) to 24 (complete opacity of all sinuses),
where higher score implies increasing grade of polyposis. The LMS attempts to reϐlect radiographic disease sever‑
ity for CRS patients and has shown good inter‑observer reliability and is popular in research and clinical practices
[1]. However, the absence of developed sphenoid and frontal sinuses can reduce the score range to 16 from 24
points, leading to an underestimation of the disease and introducing bias, particularly in pediatric applications [2].
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To overcome the problem of insufϐiciency of gradation of LMS, modiϐied Lund Kennedy (MLK) score was pro‑
posedwhere each sinus is scored considering the percentage of opaciϐication frommucosal thickening as follows: 0
= 0%, 1 = 1% to 25%, 2 = 26% to 50%, 3 = 51% to 75%, 4 = 76% to 99%, and 5 = 100% or completely occluded
[3]. The ostiomeatal complex is given a score of 0 to 2, depending on whether it is completely patent, partially ob‑
structed, or completely obstructed. Each side is graded, and their sum is the total score out of maximum of 54 [4].
The modiϐied staging systems showed more efϐiciency in evaluating rhinosinusitis inϐlammation compared to LMS
[5]. While no correlation between changes in LMS on paranasal sinus CT scans and MLK nasoendoscopic scores in
CRS patients was found [6], strong positive rank correlation (Spearman 𝜌) among subjects with polyps and weak
rank correlation in subjects without polyps were observed [7]. MLK endoscopic scoring system does not include
the items of scarring and crusting. Nasal cavity opaciϐication is not considered as part of total score by LMS or MLK,
despite the fact that nasal polyposis causes nasal cavity opaciϐication and characterizes the phenotype of CRS with
nasal polyps (CRSwNP).

Empirical investigations of CT scansmeasured by LMS often involve consideration of other clinical parameters
and patient‑reported outcome measures (PROMs) to ϐind associations or to validate or both. Popular tools of CRS‑
speciϐic PROMs are Sino‑Nasal Outcome Test (SNOT‑22), Rhinosinusitis disability index (RSDI), European Position
Statement on Rhinosinusitis (EPOS) [8], Quality of Life Questionnaires, Patient‑Reported Outcomes Measurement
Information System (PROMIS‑29) covering general quality of life across domains like anxiety, depression, fatigue,
sleep disturbance, satisfaction with social roles, pain interference, and physical function domains, etc. Such tools
generally use ordinal K‑point items (K= 2, 3, 4, 5, ….) and differ in scopes, dimensions covered, scale formats,
scoring methods, etc. and are often blurred what is being measured and do not always match with clinical and
research goals. Similarly, generic and disease‑speciϐic Health related quality of life (HRQoL) instruments result in
confusion about the best use of an instrument and even popular instruments show different correlations with the
dimensions.

Frequently used statistical techniques presume meaningful aggregation (either arithmetic or multiplicative)
and set of assumptions. Non‑satisfaction of the assumptions and failure to ensure meaningful addition can distort
the results. For example, reference [9] found that good number of scientiϐic articles published in the European
Annals of   Head & Neck Diseases during 2018 and 2019, normality was checked only in 14.2% of articles using ,
p‑value signiϐicance thresholdwere not always deϐined, conϐidence intervals and power analyseswere documented
only in 10.7% and 5.3% respectively. LMS did not follow the normal distribution [10].

The paper describes major methodological weaknesses of numerical scoring scales including LMS and other
assessment tools used in otorhinolaryngology and proposes a method to transform the ordinal raw scores of an
item to equidistant score (E‑scores) followed by further linear transformations to normally distributed continuous
scores ranging from 1 to 100, making easier the utilization and the interpretation of the instruments.

2. Literature Survey
LMS correlates well with Percentage Opaciϐication scores, other markers of disease severity, nature of surgery

offered, and its outcome. While references [1, 10] found no correlation between LMS and SNOT‑22 scores, posi‑
tive association with pre‑operative and post‑operative SNOT‑22 scores with pre‑operative Lund‑Mackay CT scores
(LMCTS) was observed [11]. LMSwas found to be associated with symptom reduction, complication rates and revi‑
sion rates but, poorly correlated with subjective patient‑reported symptom scores. Thus, LMS measures different
aspects of chronic rhinosinusitis than the subjective measures of symptom scores reϐlecting disease severity, often
used for comparison [1]. The LMS scoring is not a goodmeasure of chronic rhinosinusitis severity or the prognosis
of patients after surgery [10] who preferred SNOT‑22 as a predictive tool in deciding to operate and the possibility
of obtaining a relative recovery.

2.1. Major Drawbacks of LMS
Non‑meaningfulAddition innumerical scoring system: Levels of aK‑point itemareorderedbutnot equidis‑

tant. Trait‑distance from “none” to “sometimes” ≠ distance between “always” and “sometimes”. Similarly, for a si‑
nus, trait difference between “no opaciϐication” and “partial opaciϐication” could be different from the difference be‑
tween “partial opaciϐication” and “complete opaciϐication”. Subjectivity of the 0‑versus‑2 score has been questioned
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since Ostiomeatal complex (OMC) occlusion is not associated with draining sinuses for patients with eosinophilic
rhinosinusitis (ECRS) and simple surgical interventions directed at the OMC are not beneϐicial to this CRS subgroup
[12]. Non‑satisfaction of equidistant property implies addition is notmeaningful. Meaningful addition of𝑋+𝑌 = 𝑍
requires similar distribution of X and Y and also knowledge of distribution of Z. Thus, meaningful addition is an
important pre‑requisite statistical perspective in using such scales. However, PROMs, LMS consider summative
scores without checking distribution of scores. Reference [13] emphasized that ordinality, discreteness, nonlin‑
earity, skew, ceiling and ϐloor effects in rating data create problems for undertaking parametric statistical analysis.
Normality checks of rating data are necessitated for inference procedures [14].

Possible solution: Transformeach item score to normally distributed scores (𝑃𝑖) and take dimension scores(𝒟𝑖).
Scale score (𝑆𝑖) of i‑th subject is sum of 𝑃𝑖s so that 𝒟𝑖 and 𝑆𝑖 follows normal distribution and parameters of their
distribution can be obtained from the data. It is well known that for two normally distributed variables X and Y,
(X + Y) also follows normal distribution.

Use of zero as an anchor value: Zero attached to a level does not help to ϐind expected values (value of the
variable × probability of that value) of level‑wise scores; reduces mean and variance of the scale, item‑total cor‑
relations and regression could be be inappropriate due to presence of many zeroes [15]. If each respondent of a
sub‑group selects the level marked as “0” to an item then it is difϐicult to ϐind between group variance since mean =
variance = 0 for the sub‑group and correlation with that item is undeϐined.

Possible solution: Mark the anchor values as 1, 2, 3….. and so on, keeping the convention of higher score ⇔
higher value of the variable being measured.

Non‑satisfaction of normality assumptions: Usual procedure to test equality of mean score of two groups
is through t‑test or paired t‑test, and techniques like ANOVA, F‑test, Principal component analysis (PCA), Factor
analysis (FA), etc. assume normally distributed score. Thus, empirical checking of normality before adopting such
techniques is needed. Problems arise if test of normality fails.

Possible solution: Transformationof itemscores to normally distributed scores conϐirmsnormality andnoneed
to undertake test of normality.

Factoring cavity size: LMS does not factor cavity size into its scoring system [16]. Accordingly, the authors
computed percentage sinus opaciϐication (%SO) considering averaged sinus volume and not an overall total opaci‑
ϐication percentage. However, computerized volumetric analysis depending onmanual image segmentation is difϐi‑
cult, time‑consuming and has limitations in practical applicability [17] who suggested 0has limitations in practical
applicability [17]who suggested use of convolutional neural network (CNN) for objective, volumetric segmentation
of the paranasal sinuses on CT.

Multiple linear regressions: Used to ϐind empirical relationship of a dependent variable (Y) and associated
factors of ENT disorders as independent variables 𝑋1,  𝑋2,   …… ,  𝑋𝑚 . Major assumptions of multiple linear regres‑
sions are: linearity; normal distribution with zero mean and constant variance (homoscedasticity) for errors in
prediction (residuals), and no pair of independent variables are highly correlated (absence of multicollinearity).
However, high value of correlation coefϐicient (r) or coefϐicient of determination (𝑅2) does not always justify lin‑
earity. If the variable X takes integers 1, 2, 3……30, 𝑟𝑋,𝑓(𝑋) ≥ 0.92 for f(X) = 𝑋2,  𝑋3,   𝑙𝑜𝑔𝑋10, and Sin X and f(X) =
𝛼 + 𝛽𝑋 was not justiϐied since error scores did not follow normal distribution [18]. Moreover, observed value of
correlation depends heavily on group heterogeneity. Let X∼N (0, 1) and Y = 1

√2𝜋  𝑒
−1
2 𝑋2 . Here, 𝑟𝑋𝑌= −0.93302 for

0 𝑋 ≤ 3.9 and 𝑟𝑋𝑌= 0.0004 for−3.9𝑋 ≤ 3.9 [18], indicating homogeneity of data can underestimate or overestimate
the correlation. Thus, regression analysis based on value of (r) or 𝑅2 only, are not always justiϐied.

Diagnosis: It distinguishes Normals with others. In addition to positive objective endoscopic or CT ϐindings,
diagnosis of CRS requires that the patients have at least two of the following four symptoms: nasal congestion, nasal
drainage, facial pain/pressure, and/or diminished smell. For diagnosis of CRS using CT scan, reference [19] found
high area (0.802) under the receiver operating characteristic (ROC) curve and high sensitivity (about 85%) and
speciϐicity scores (59%). High sensitivity of the CT scan for mucosal inϐlammation in paranasal sinuses indicates
possibility of “incidental” mucosal ϐindings that do not represent true “sinus” disease [20] and may lead to over
diagnosis. Surprisingly, children without CRS exhibited a rather low incidental Lund score of approximately 2.8
[21] which is less common than adult patients without CRS [22]. However, diagnostic efϐiciency depends heavily
on the base rate prevalence of CRS in the population being evaluated.
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Possible solution: Combine normally distributed scale scores of LMS or MLK and symptoms scores satisfying
basic assumption of parametric ROC curve. Use such transformed scores to undertake ROC analysis.

Classiϐication: Researchers differed indecidingboundarypoints for classiϐicationof subjects basedonLMS.As
per reference [22], LMS≤ 3 are normal, 4–5 are indeterminate and≥6 are pathological. Typically, LMS ≤ 3 require
additional clinical judgment and/or further data to establish diagnoses [6]. However, classiϐications suggested by
reference [23, 24] were different primarily due to different sample sizes and heterogeneity of the samples with
respect to chronic sinusitis [25]. However, reference [26] suggested LMS < 8 as low and LMS ≥ 8 as high which
reduced differences in scoring and increased inter‑observer reliability and grouped the sample with LMS up to 8, 8
to 16, and greater than 16.

Possible solution: Find optimal cut‑off values and measure of efϐiciency of classiϐication.
Reliability: Reliability of LMS is often computedby inter‑rater reliability (IRR)or test‑retest reliability (𝑟𝑡𝑒𝑠𝑡−𝑟𝑒𝑡𝑒𝑠𝑡).

IRR reϐlecting agreement between experts can be obtained by methods like percentages of agreement (PA), kappa
(𝜅), weighted kappa, resulting in different values and conϐlicting results of IRR [27]. Kappa treats all the disagree‑
ments equally and ignoresmarginal distributions. Weighted kappa depends heavily on the chosen ofweightswhich
are subjective. Value of weighted kappa usually exceeds value of unweighted kappa. LMS performed by indepen‑
dent scorers vary. Differences exceeding 1 are resolved by consensus, failing which a third party decides the score
[16]. However, agreement among raters and scale reliability are different concepts [28]. Considering different inter‑
rater agreement (IRA) across different levels, reference [29] proposed Coefϐicient of variation (CV) as a measure of
agreement among raters.

High value of 𝑟𝑡𝑒𝑠𝑡−𝑟𝑒𝑡𝑒𝑠𝑡 does not imply robustness of LMS. 𝑟𝑡𝑒𝑠𝑡−𝑟𝑒𝑡𝑒𝑠𝑡  may be high if there is no effect of treat‑
ments or scores of each subject improved or deteriorated uniformly due to treatments. Such reliability does not
reϐlect true stability of the construct(s), which is also inϐluenced by time gap. Reference [30] preferred correlation
(not agreement) to compute 𝑟𝑡𝑒𝑠𝑡−𝑟𝑒𝑡𝑒𝑠𝑡  of Internet Addiction Test by reference [31]. Clearly, 𝑟𝑡𝑒𝑠𝑡−𝑟𝑒𝑡𝑒𝑠𝑡 is not be
a sufϐicient condition to demonstrate agreements.

It is desirable to ϐind reliability reϐlecting both correlation and agreement between measurements. Intraclass
correlation coefϐicient (ICC) satisϐies such desirable properties. However, various forms of ICCs are there which
differ in assumptions leading to different values and interpretations. The “absolute agreement” approach usually
results in smaller ICC estimate than the “consistency” approach. The MLK score showed ICC coefϐicient =0.68 im‑
plying good inter‑rater reliability [32].

Validity: Concurrent validity of LMS or MLK was evaluated by comparing the scores with retest scores at 6
months after surgery [33]. However, this could be a measure of 𝑟𝑡𝑒𝑠𝑡−𝑟𝑒𝑡𝑒𝑠𝑡  or responsiveness. The authors found
discriminating validity by comparing the symptomless and symptomatic sides by Wilcoxon signed‑rank test.

Others: Use of different analysis gave different results, For example, reference [1] used usual Pearson’s correla‑
tion coefϐicient to ϐit regressionequationof LMSonSNOT‑22 scores, despiteweak correlation (𝑟𝑃𝑟𝑒−𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 𝑆𝑁𝑂𝑇−22, 𝐿𝑀𝑆)
at the level of 0.058; one‑way ANOVA to see association between LMS and ordinal variables like extent of polyposis
and logistic regression to see power of LMS to predict perioperative complications or revision surgery.

For a given sinus cavity, LMS showed poor ability to discriminate among patients withmild‑to‑moderate levels
of disease [16]. LMS should not be used as the sole basis to proceed with surgery, especially for those with higher
likelihood of undergoing endoscopic sinus surgery (ESS) [34].

3. Method
Transform ordinal raw scores of say 5‑point item (i‑th item) to continuous, monotonic equidistant scores (𝐸𝑖‑

scores) by taking weights𝑊𝑖1,  𝑊𝑖2,  𝑊𝑖3,  𝑊𝑖4,𝑊𝑖5 considering frequency of the levels of the item such that 5𝑊𝑖5 −
4𝑊𝑖4= 4𝑊𝑖4−3𝑊𝑖3 =3𝑊𝑖3−2𝑊𝑖2 = 2𝑊𝑖2− 𝑊𝑖1 = Constant. Calculations of weights are based on following stages:
I. Find maximum (𝑓𝑖 𝑚𝑎𝑥) and minimum frequency (𝑓𝑖 𝑚𝑖𝑛) of the response‑categories of the i‑th item. Take initial
weights 𝜔𝑖𝑗 =

𝑓𝑖𝑗
𝑛 . Arrange the 𝜔’

𝑖𝑗𝑠 so that

𝜔𝑖1 =
𝑓𝑖𝑚𝑖𝑛
𝑛 < 𝜔𝑖2 < 𝜔𝑖3 <𝜔𝑖4 < 𝜔𝑖5 =

𝑓𝑖𝑚𝑎𝑥
𝑛
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II. Let intermediate weight𝑊𝑖1 =  𝜔𝑖1 
Take common difference 𝛼 =   5𝑓𝑖𝑚𝑎𝑥−𝑓𝑖 𝑚𝑖𝑛

4𝑛 since𝑊𝑖1 +  4𝛼  = 5𝑊𝑖5

Deϐine intermediate weights of the j‑th level of the item as𝑊𝑖𝑗 =
1
𝑗 [𝜔𝑖1 + (𝑗 − 1)𝛼] 

for j= 2, 3, 4, 5
III. Consider the ϐinal weights𝑊𝑖𝑗(𝐹𝑖𝑛𝑎𝑙) =

𝑊𝑖𝑗
∑5𝑗=1𝑊𝑗

so that ∑𝑊𝑖𝑗(𝐹𝑖𝑛𝑎𝑙) = 1 and
𝑘𝑊𝑖𝑘(𝐹𝑖𝑛𝑎𝑙) − (𝑘 − 1)𝑊𝑖(𝑘−1)(𝐹𝑖𝑛𝑎𝑙) = Constant, value of which differs for different items.
𝐸𝑖‑scores are standardized as 𝑍𝑖 =

𝐸𝑖−𝐸𝑖
𝑆𝐷(𝐸𝑖)

∼ 𝑁(0, 1) and 𝑍𝑖𝑠 are transformed to proposed score

𝑃𝑖 = (100 − 1) ቈ 𝑍𝑖 −𝑀𝑖𝑛𝑍𝑖
𝑀𝑎𝑥𝑍𝑖 −𝑀𝑖𝑛𝑍𝑖

 + 1 (1)

where 1≤ 𝑃𝑖 ≤ 100 ensures uniformity in item score–range.
Dimension scores (𝒟𝑖) is the sum of normally distributed scores of items (𝑃𝑖) belonging to a dimension. Scale
score (𝒮𝑖) of i‑th subject is the sum of his/her dimension scores = sum of all item‑wise 𝑃𝑖‑scores. 𝒮𝑖 and 𝒟𝑖 will
follow normal. For example, if scores of the i‑th item∼𝑁 (𝜇𝑖 ,  𝜎𝑖),  𝒮‑scores (transformed LMS or transformedMLK)
follows normal with mean ∑𝑖 𝜇𝑖 and variance [∑𝜎2𝑖 +  2∑𝑖≠𝑗 𝐶𝑜𝑣(𝑃𝑖 , 𝑃𝑗]. Thus, probability density function of 𝒮 is
convolution of normally distributed 𝑃𝑖‑scores. Parameters of normal distribution of 𝒮 can be estimated from the
data.

4. Results
Continuous and monotonically increasing 𝒮‑scores following normal are based on pattern of responses, en‑

abling unique ranks to the individuals. In addition, 𝒮‑scores satisfy following desired properties:
‑ Same range of scores for each 𝑃𝑖
‑ Avoid bias for advantaged or disadvantaged groups
‑ For i‑th dimension, contribution to 𝒮 and elasticity are quantiϐied respectively by 𝒟𝑖

𝑆 × 100 and
∆𝒮
𝒮
∆𝒟𝑖
𝒟𝑖

to show

relative importance of the dimensions from two different angles.
Beneϐits

‑ Provides total score of an individual for LMS or MLK or any associated scale like SNOT‑22, RSDI, EPOS, PROMIS‑
29, Quality of Life Questionnaires, etc., irrespective of scale formats and factor structures.

‑ Progress of the i‑th patient in t‑th time‑period over the previous time‑period by
𝒮𝑖𝑡−𝒮𝑖(𝑡−1)
𝒮𝑖(𝑡−1)

* 100 which reϐlects
responsiveness of 𝒮‑scores and effectiveness of treatment plan adopted. 𝒮𝑖𝑡 < 𝒮𝑖(𝑡−1)⟹Decline in t‑th period
over (t−1)‑th period. Such deterioration needs to be probed for identiϐication of the dimension(s) where deteri‑
orations occurred and initiation of possible corrective actions. For a sample of patients, progress is indicated by
𝒮𝑖𝑡 > 𝒮𝑖(𝑡−1) .
Disease progression across time (progress path) CONFIRMED. PLEASE DELETE of one patient or a sample

of patients can be plotted over time to facilitate comparisons of response to the treatments from the beginning. A
decreasing (negatively slopped) graph of 𝒮𝑖𝑡 and time (t) imply improvement across time and an increasing graph
indicates the opposite. Such plot is akin to hazard function of survival.
‑ Responsiveness of 𝒮‑scores enables practitioners or researcher to know time‑to‑event outcomes from the time
of diagnosis to the occurrence of the relevant events (disease recurrence or progress/deterioration) by a contin‑
uous variable.

‑ Linear association between 𝒮‑scores and HRQoL‑scores can be evaluated by correlation or by multiple correla‑
tions between 𝒮‑scores on HRQoL dimension scores as independent variables.
Univariate regression equation of the form 𝒮 = 𝛼1 + 𝛽1(HRQoL‑scores) or multiple linear regression 𝒮 = 𝛼 +
 ∑𝑘

𝑖=1 𝛽𝑖𝐻𝑅𝑄𝑜𝐿𝐷𝑖𝑚𝑒𝑛𝑖𝑠𝑖𝑜𝑛𝑖  can be ϐitted using dimensions scores of HRQoL as predictors of LMS/MLK. Regres‑
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sion equation of the form HRQoL =𝛼 + 𝛽. 𝒮 helps to know effect of LMS/MLK on HRQoL. However, checking of
assumptions of the regression equations are needed while going for such analysis.

‑ Facilitates statistical tests of equality of mean and variance of LMS/MLK for two groups or a single group at
different time periods like𝐻0 ∶ 𝜇1 = 𝜇2 or𝐻0 ∶ 𝜎21 = 𝜎22 . Statistical tests of signiϐicance of progress of LMS/MLK
can be tested by 𝐻0 ∶

𝒮𝑖𝑡−𝒮𝑖(𝑡−1)
𝒮𝑖(𝑡−1)

= 0 since ratio of two normally distributed variables follows 𝜒2‑distribution.
‑ Normally distributed 𝒮‑scores of LMS or MLK and symptoms scores satisfy the basic assumption of parametric
ROC curve. Such transformed scores facilitate undertaking of ROC analysis where for a threshold parameter
T, the score is “positive” if X > T, and “negative” if X < T where X follows known probability distribution with
density 𝑓1(𝑥) if X > T and density 𝑓0(𝑥) if X < T. The true positive rate (Sensitivity i.e., probability of detection)
is given by TPR(T) = ∫∞𝑇 𝑓1(𝑥)𝑑𝑥 and the false positive rate (1‑Speciϐicity i.e., probability of false alarm) FPR(T)
= ∫∞𝑇 𝑓0(𝑥)𝑑𝑥. The ROC curve plots TPR (T) versus FPR(T) with T as the varying parameter. In other words, if
distribution of diseased 𝑋1 and non‑diseased 𝑋2 are 𝑁(𝜇1, 𝜎1) and 𝑁(𝜇2, 𝜎2) respectively, then the ROC curve is
𝑅𝑂𝐶(𝑡) = Φ(𝑎 + 𝑏Φ−1(𝑡)) where Φ denotes the cumulative normal distribution function, 𝑎 = 𝜇1−𝜇2

𝜎1
, 𝑏 = 𝜎2

𝜎1
, and

𝐴𝑈𝐶 = ∅( 𝑎
√1+𝑏2 )where ∅ is the normal probability density function [35] and AUC = ∫10 𝑅𝑂𝐶(𝑢)𝑑𝑢. For a single

diagnostic test, the hypothesis 𝐻0: 𝐴𝑈𝐶 = 𝐴𝑈𝐶0 can be tested by 𝑍 =
̂𝐴𝑈𝐶−𝐴𝑈𝐶0
𝑆𝐸( ̂𝐴𝑈𝐶) where ̂𝐴𝑈𝐶 and its standard error

(SE) can be estimated by parametric approaches.
‑ Helps to assess efϐiciency of classiϐication by Davies‑Bouldin Index (DBI) considering ratio of within‑cluster
and between‑cluster distances [36]. For K‑number of classes DBI is computed by 𝐷𝐵𝐼𝐾 = 1

𝐾 ∑
𝐾
𝑖 = 1 ∑𝐾

𝑗 = 1(𝑖 ≠ 𝑗)

𝑀𝑎𝑥[𝐷𝑖𝑎𝑚𝐶𝑖−𝐷𝑖𝑎𝑚𝐶𝑗
||𝐶𝑖−𝐶𝑗||

] where diameter of i‑th class 𝐷𝑖𝑎𝑚𝐶𝑖 = ට∑𝑥𝑖∈𝐶𝑖 ||𝑥𝑖−𝐶𝑖||
2

𝑛𝑖
; 𝐶𝑖: Centroid or mean of the i‑th

class; 𝑛𝑖: Number of members in the i‑th class. Upper limit of DBI is 1 and lower value implies better efϐiciency.
The optimal number of clusters obtained from the graph of DBI and number of clusters has the smallest DBI value
[37].

‑ Normality of P‑scores and 𝒮‑scores of LMS/MLK enable undertaking PCA and ϐinding factorial validity as the
ratio of the highest eigenvalue (𝜆1) and sum of the eigenvalues i.e.,

FV = 𝜆1
∑𝜆𝑖

(2)

FV indicates validity of the main factor for which the scale was developed [38] and avoids selection of criterion
scale with different score distributions, different factor structures and different domains of one or more con‑
structs etc. For a unidimensional tests, FV is high.
‑Maximum value of test reliability (𝛼𝑃𝐶𝐴) of a scale withm‑number of items was derived by reference [39] and is
given by

𝛼𝑃𝐶𝐴 = ൬ 𝑚
𝑚 − 1൰ (1 −

1
𝜆1
) (3)

Non‑linear Relationship between FV and 𝛼𝑃𝐶𝐴 [40] is:

𝛼𝑃𝐶𝐴 = ൬ 𝑚
𝑚 − 1൰ (1 −

1
𝜆1
) = ൬ 𝑚

𝑚 − 1൰ (1 −
1

𝐹𝑉. ∑ 𝜆𝑖
) = ൬ 𝑚

𝑚 − 1൰ (1 −
1

𝑚.𝐹𝑉𝑍−𝑠𝑐𝑜𝑟𝑒𝑠
) (4)

Clearly higher value of 𝐹𝑉𝑍−𝑠𝑐𝑜𝑟𝑒𝑠 increases 𝛼𝑃𝐶𝐴.

5. Discussion
The paper addresses methodological issues of tools measuring LMS, MLK and associated tools like SNOT‑22,

RSDI, EPOS, PROMIS‑29, Quality of Life Questionnaires, etc. and proposes conversion of ordinal scores of each
scale to normally distributed scores. Normality helpsmeaningful evaluation of measurement properties and bet‑
ter utilization of such tests. Normality of P‑scores and 𝒮‑scores of LMS/MLK satisfy desired properties, facilitate
meaningful aggregation, better comparisons and rankings, offer platform for parametric analysis. Such scoring
method facilitates statistical testing, ϐitting regression equations of LMS on HRQoL or HRQoL on LMS. 𝒮‑scores
also helps to undertake parametric ROC analysis for diagnosis and better measure of reliability, factorial validity
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avoiding criterion variable, assessment of progress or deterioration, identiϐication of critical dimension(s), etc. Re‑
lationship of maximum value of test reliability (𝛼𝑃𝐶𝐴) and factorial validity can help to decide desirable
value of 𝛼𝑃𝐶𝐴which maximizes factorial validity. The proposed method can better assess the severity and dis‑
ability of CRS and incorporate all relevant tools (pathological, clinical, patient‑reported‑ outcomes and HRQoL
instruments) irrespective of scale formats without any bias for advantaged or disadvantaged groups.

6. Conclusions
Normally distributed scores for LMS, MLK and HRQoL‑score avoiding limitations of the existing methods can

compare different aspects of chronic rhinosinusitis measured by LMS and subjective measures of symptom scores
reϐlecting disease severity. Major advantages of the proposed method are: parametric ROC analysis for diag‑
nosis, classiϐication, and plotting the disease progression path of CRS, which in turn provides another criterion
for comparisons. In addition, normality helps to improve psychometric measures and their relationship.

The proposedmethod satisfying desired properties advances scholarly. Practitioners and researchers can take
advantages of the proposed scoring system of Rhinologic Investigations for meaningful analysis, better assess‑
ment of severity/disability of CRS without any bias for advantaged or disadvantaged groups. Empirical veri‑
ϐications of robustness of the proposedmethod, estimation of hazard function and clinical validations are proposed
as future studies, along with comparisons with AI technology based sinus CT evaluation for quantiϐication of radio‑
logic disease burden in both clinical and research applications.
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