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Author:   Dr. Antonia Hogrefe 

Content: This white paper contains an overview of continuous norming, demonstrating the 

superiority of its psychometric properties in relation to the limitations of traditional 

norming in psychological testing. 
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Introduction 
 

This document is a translated extract from the IDS-2 Academic booklet (IDS-2; Intelligence and 

development scales – 2, Grob & Hagmann-von Arx, 2018), which will be used in a teaching context at 

universities. It serves as an overview of the problems when using traditional norming and explains the 

alternative approach that continuous norming offers in the context of those problems. 

 

1. Problems of traditional norming 
 

Traditional norming is the established process for the norms calculation of a psychological test. It is 

based on the assumption of normally distributed test variables and identifies every test score 

distribution with the distribution parameters mean (M) and standard deviation (SD). The related data 

collection and norm score generation is accompanied with various problems and limitations, most of 

which reduce representability of norm scores (Figure 1): 

• Sample size 

• Discontinuity between norm groups 

• Gaps in norm tables 

• Extreme scores 

 
  Alter  
RW 6 7 8 9 10 11 12 13 14 15 16 17 18 20 30 40 50 60 
6                   
7 69                  

8 72 70                 

9 75 73 70                

10 79 75 74  68             59 
11 81                 65 
12 83 79 76 76              68 
13 85 82 77   66             

14 87 84 78                

15 90 86                 

16 92 87 80                

17 94 89 81               70 
18 96 90 82 77 71            63 72 
19 100 93 84 78  72      59      74 
20 101 94 85 79 73 74           70 78 
21 103 96 86 80 76 78   59  59    66  74 80 
22 106 97 88 81  79  65 65       65  82 
23 108 100 90 84 78 80 65 69 69  68 67  59  70 76 85 
24 110 1 92 86 80 83 70 73 71     67   78 88 
25 111 103 94 88 83 84 74 78 73  72 70 63 70 71 72 80 89 
26 113 106 96 90 85 86 78 81 74 63 73 72 70 74  76 82 90 
27 115 108 100 93 88 88 82 84 79 73 77 76 75 77 73 80 85 91 
28 118 111 103 97 90 90 85 86 83 77 80 80 79 78 75  86 94 
29 121 114 105 100 93 91 87 88 85 79 82 83 82 80 78 83 88 95 
30 123 116 107 102 95 94 90 90 88 82 84 85 84 84 81 85 91 97 
31 125 117 109 105 97 96 93 91 90 84 85 87 86 87 84 88 92 100 
32 128 119 110 108 98 98 94 93 91 6 87 89 87 89 86 90 94 101 
33  122 113 110 100 100 96 95 92 89 89 91 88 91 87 91 96 103 
34 132 125 116 111 102 101 98 96 94 91 91 93 90 93 89 93 97 105 
35  127 118 112 104 102 100 97 95 93 92 94 91 95 90 94 100 106 
36 135  118 113 107 104 101 100 97 94 93 95 93 97 91 95 101 108 
37   120 115 109 106 102 102 99 95 94 96 94 98 92 96 103 109 
38  128 122 118 112 107 104 104 100 97 96 98 96 99 93 97 104 110 
39  130 124 120 115 109 106 106 102 100 98 100 97 100 95 99 105 111 
40   125 122 117 111 108 108 104 101 100 103 100 120 97 100 106 112 
41  133 127 125 120 112 110 111 106 103 103 104 101 103 99 101 107 113 
42  140 128 126 122 113 112 113 107 107 104 106 102 104 100 102 108 115 
43   130  123 115 115 114 109 109 105 107 103 105 101  109 116 
44 141   127  116 116 116 11 110 107 109 105 106 102 103 110  

45   133 130  117 118 118 113 111 109 110 107 107 103 104 112 117 
46    134 126 119 119 120 114 113 110 112 108 109 104 106 113 119 
47     128 121 121  117 115 110 113 109 110 106 107 114 121 
48   140  129 123 124 122 119 116 111  110 111 107 109 116 122 
49    140 132   123  118 114 114 111 112 107 110 118 123 
50      125 128 126 121 119 118 116 112 114 108 113  125 
51       131  123 121 120 118 113 116 110 116 119  

52      128   124 124 122 121 116 117 112 117 122  

53      131  30 126 127 123 124 118 118 114 119 126  

54     135 134  133 128 130 126 125 121 120 117 120 129  

55       135  130 132 131 127 124 122 120 123 132 127 
56     140 140   132  135 131 126 125 125 126 135  

57         135 137  135 130 127 130 131   

58        141   141 141 135 130 135 137  129 
59       141      140    141 132 
60              137 141   137 

Figure 1. Example of a norm table with discontinuity between norm groups (in red), 

underrepresentation of extreme scores (in blue) and missing norm scores (in green). 
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1.1. Sample size 

Norms are built related to a confounded variable of the measured trait (e.g. age). The effect of such 

confounded variables is being controlled with specific norms, meaning that the norm sample is 

separated into groups based on this variable (e.g. age-specific norms). The more specific control 

desired, the smaller the norm group categories must be. The more the total sample is split up to 

achieve this specificity, the bigger the total sample size must be or inevitably the sub-samples size gets 

smaller (leading to inaccuracies and biases within the norms). 

 

1.2. Discontinuity between norm groups 

The most common case in traditional norming is that the effect of age on the measured trait is 

controlled for by providing age specific norms. Despite the continuous nature of the age effect, this 

control is based on categorial intervals, assuming stability of the trait within one age category. At the 

same time abrupt and results biasing jumps in performance result between the category intervals 

(Figure 2). To avoid unrealistic jumps in performance between norm groups, test score distribution 

often must be mathematically smoothed to provide reasonable performance differences between 

norm groups. 

 

 
Figure 2. Performance differences between age-based norm groups. 

 

Categorizing the continuous variable age into 4-years-intervalls results in unrealistic performance 

jumps between the norm groups. In Figure 2, the consequence is an 8;11 years old child is compared 

to a norm group with a mean performance of 19 points. Two months later, this same child would then 

be compared to a norm group with a mean performance of 33 points. This performance jump within 

two months is highly unrealistic. Additionally, the graph shows that the performance, especially within 

the younger age categories, is ascending continuously, which is not well represented when comparing 

individual test scores to the mean performance of one age category. 

 

1.3. Gaps in norm tables 

Usually raw scores of a test score distribution will be normalised via percentile scores to transform the 

distribution into a z-score normal distribution. It is seldom the case that one norm sample provides a 

percentile score for every possible test score. Even with a perfectly representative sample with e.g. N 

= 200, the probability that all participants get a test score within +/-3 SD (99.74%-Interval) is 58% 

(0.9974200). This also means that more extreme test scores (+/- >3 SD) only appear with a probability 

of 42% (Lenhard et al., 2016). As a consequence, the resulting norm table has gaps and jumps in the 
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extreme test score ranges (e.g. floor and ceiling effects). The chances for such biasing effects are even 

higher in smaller and non-representative norm samples. 

 

1.4. Extreme scores 

Extreme scores are problematic because they are seldom measured, they bias the normalization even 

in perfectly representative samples, and they increase the bias of the SD in non-representative 

samples. Such norming errors can be explained by:  

 
(1) Distance between norm scores: Distances between percentiles in the extreme performance 

range are higher than the distances in the mean performance range (Figure 5). This is not 

based on measurement errors or non-representative samples but is a consequence of the 

“distribution error” in normally distributed variables. 

 

(2) Effect of SD: In non-representative samples M as well as SD bias the transformation from raw 

score to percentile. The biasing effect of M in such cases is constant whereas the biasing 

effect of SD increases towards the extreme performance ranges. 

 

(3) Test reliability: In extreme performance ranges the measurement error increases and therefor 

test reliability decreases. Additionally, norm scores of extreme test scores usually are based 

on relatively few observations, which again, negatively affects test reliability. 

 

For a more detailed overview, see Lenhard et al., 2016. 

 

2. Continuous Norming 
 
Continuous Norming provides a good answer to the mentioned problems of traditional norming (i.e. 

small sample sizes, unavoidable norming errors, discontinuities between norm groups, biases or 

missing values in the test score distribution). Continuous norming is based on a method of estimating 

the relationship between raw score and norm value based on mathematical models, in contrast to 

traditional norming, where this relation is estimated based on an assumed normal distribution. The 

basic idea of continuous norming is that the relation between the test score distribution and age is 

derived relying on the total norm sample. In particular maturation and growth-dependent processes 

of a construct can be detected or covered very accurately with this method, as more distributional 

parameters than M and SD can be used to define the test score distribution. Using continuous 

norming, norm scores can be produced more accurately, and the above-mentioned problems of 

traditional norming can be reduced or even prevented.  

 

2.1. Different approaches in continuous norming 

In continuous norming one can differentiate between parametric and non-parametric methods. 

Parametric methods of continuous norming are based on distribution dependent modelling of the 

relation between explanatory variables and test scores whereas non-parametric methods allow for a 

distribution independent modelling of the data. 

 

2.1.1. Parametric continuous norming 

The first approach of modelling the relation between raw score, trait position and additional 

explanatory variables using the total norm sample are provided by Gorsuch (1983 zit. N. Zachary & 

Gorsuch, 1985; Figure 3). After separating the norm group into ages groups, Gorsuch calculates M and 

SD for each raw score distribution. This enables the analysis and identification of the relation between 

age and M as well as age and SD based on polynomial regressions. With the identified regression 

Gorsuch then estimates M and SD of the test score distribution in each age group and determines 

based on the normal distribution the percentile ranks of every possible raw score dependent of age. 
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Figure 3. Parametric Continuous Norming: Gorsuch (1986) from Lenhard et al. (2016) courtesy of SAGE 

Publishing. 

 

There are similar parametric methods which use multiple regression analysis to predict the test score 

distribution, based on age and on various explanatory variables. The aim is to increase accuracy with 

more explanatory variables (Van Breukelen and Vlaeyen, 2005). 

 

With his method Gorsuch solves the problem of inaccuracies and gaps, which we see in traditional 

norming, but the method is only correct if he assumes that the test scores are normally distributed in 

the population, and if the raw score distribution of the sample also approaches a normal distribution 

(Lenhard et al., 2016). 

 

To avoid the rather difficult precondition of normally distributed data, continuous norming allows to 

assume other distributions, which more accurately and efficiently represent the test score distribution 

than a normal distribution would do. With this approach the relationship between an explanatory 

variable (e.g. age) and the test score is modelled based on the characteristics of this distribution 

(Voncken et al., 2017). The IDS-2 was normed with this approach working with two different 

distributions. For subtests which generate discrete test scores with a maximum possible score (e.g. 

subtest 1 Shape Design) the beta binomial distribution (distribution parameters: µ (position) and σ 

(variance coefficient)) was chosen, while for subtests which generate data without a maximum 

possible score the box-cox power exponential distribution (distribution parameters: µ (position), σ 

(variance coefficient, υ (skewness) and τ (kurtosis)) was chosen (e.g. subtest 17 Animal Colors). 
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(a) Relation between age and µ (b) Relation between age and σ 

  
(c) Relation between age and υ (d) Relation between age and τ 

Figure 4. The relation between age and the specific distribution parameters of the box-cox distribution 

(step 2) modelled with polynomial regressions (here shown for the IQ-Screening test score distribution 

of the IDS-2). a) quadratic relation between age and µ (2nd order polynom). b) and d) independency 

between age and σ as well as age and τ (intercept). c) linear relation between age and υ (1st order 

polynom). 

Parametric continuous norming – step by step (IDS-2 example). 
(1) Based on the raw scores of the total sample known distributions are chosen which can 

represent the raw score distribution the most accurately (e.g. discrete data: beta binomial 

distribution; continuous data: box-cox power exponential distribution).  

(2) The relationship between every single distribution parameter of the chosen distribution (µ and 

σ or µ, σ, υ and τ) and the explanatory variable age (or grade), is now mathematically 

modelled to be able to predict each distribution parameter based on age (or grade). When 

norming the IDS-2 polynomial regressions were used for this step (Figure 4). The selection of 

the specific regression model is based on statistical criteria and the model fit is additionally 

assessed based on visual inspection.  

(3) The selected models of the distribution parameters now define the test score distribution as a 

function of age (or grade) and completely identify the test score distribution (Figure 5). Based 

on the fully identified distribution, the percentile score for every combination of age and raw 

score can be derived.  

(4) The percentile scores are then transformed into z-scores to able to calculate scaled scores.  

(5) For every possible age (or grade) and raw score, specific norm values can be determined. In 

the IDS-2 this is done based on 1-month intervals. 
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Figure 5. Percentile curves of the raw scores of the IQ-Screening scale as a function of age (step 3; 

based on the box-cox power distribution). The lines represent the raw scores (marked lines for raw 

score 40, 45, 50 and 55). Each dot represents one tested individual. The dots show, which 

combinations of age and raw score were provided by the sample for the modelling of the percentile 

curves. 

 

2.1.2. Non-parametric continuous norming 

Generally, a parametric model is statistically more efficient and less prone to overfitting (following the 

peculiarities of the sample data that are not present in the population data) than a non-parametric 

model. However parametric models are limited by their dependency on a distribution, which means 

assumptions about the test score distribution in the population are made. Non-parametric models 

have the advantage of not having to fulfil such assumptions. Lenhard et al. (2016) therefore developed 

a non-parametric approach to continuous norming: the norm values are identified by modelling the 

raw scores as a function of percentile ranks and an explanatory variable (e.g. age) directly using Taylor 

polynomials. Therefore, no distribution parameters have to be modelled. This method minimizes, like 

the parametric continuous norming methods, measurement errors and biased norm values. 

Additionally, this method can handle deviations of the test score distribution from known 

distributions. 

 

 

 

 

 

 

 

 

Figure 6. Result of the non-parametric continuous 

norming method of Lenhard et al. (2016). Marks = 

age dependent raw scores. Lines = Taylor polynomials 

(from Lenhard et al., 2016) courtesy of SAGE 

Publishing. 
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Non-parametric continuous norming – step by step. 

(for a detailed description of the method see: https://www.psychometrica.de/cNorm.html; 

Lenhard, Lenhard & Gary, 2018) 

(1) The total sample is separated into subsamples. If the norms must be calculated based on a 

continuous explanatory variable (e.g. age), categorial grouping variables (e.g. age spans) 

are generated. 

(2) For each person of each subsample percentile ranks (position) are identified (if necessary 

they can be transformed into scaled scores).  

(3) For every explanatory variable (a) and every position (l) of each person in a subsample 

powers (up to the fifth power is usually sufficient), their products are computed, to be able 

to use them as independent variables. 

(4) A stepwise regression analysis is calculated using the powers and their products of step 3 

as independent variables to predict the empirical raw score.  

(5) The Taylor polynomial function 𝑟(𝑙, 𝑎) = ∑ 𝑐𝑠𝑡𝑙
𝑠𝑎𝑡

𝑘

𝑠,𝑡=0
 predicting the empirical raw score 

based on the explanatory variable age and the percentile rank is identified with the 

significant variables from the stepwise regression analysis (Figure 6).  

(6) Using the identified Taylor polynomial function either norm tables can be generated (for 

every possible norm value l  the corresponding raw score is identified), or norm values can 

be derived directly based on the measured raw score and the age (for this step an inverse 

transformation of the identified Taylor polynomial function is needed).  
 

https://www.psychometrica.de/cNorm.html


Continuous Norming – An overview 27.11.2018 13/12 

References 
 

Eid, M. und Schmidt, K. (2014). Testtheorie und Testkonstruktion. Hogrefe Verlag, Göttingen. 

Iliescu, D. (2017). Closing the Process. In Adapting Tests in Linguistic and Cultural Situations 

(Educational and Psychological Testing in a Global Context, pp. 443-484). Cambridge: Cambridge 

University Press. doi:10.1017/9781316273203.012 

Lenhard, A., Lenhard, W., Suggate, S., Segerer, R. (2016). A continuous solution to the norming 

problem. Assessment. 

Lenhard, A., Lenhard, W. & Gary, S. (2018). cNORM - Generating Continuous Test Norms. Retrieved 

from: https://www.psychometrica.de/cNorm_en.html. Dettelbach (Germany): Psychometrica. DOI: 

10.13140/RG.2.2.25821.26082 

Leonhart, R. (2017). Lehrbuch Statistik: Einstieg und Vertiefung (4. Auflage). Hogrefe Verlag, Bern. 

Moosbrugger, H., Kelava, A. (Hrsg., 2012) Testtheorie und Fragebogenkonstruktion. Springer. 

Van Breukelen, G. J. P. und Vlaeyen, J. W. S. (2005). Norming Clinical Questionnaires With Multiple 

Regression: The Pain Cognition List. Psychological Assessment, 17(3), 336-344. 

Voncken, L., Albers, C., Timmerman, M. (2017). Model selection in continuous test norming with 

GAMLSS. Assessment. DOI: 10.1177/1073191117715113 

Wirtz, M.A. (Hg.): Dorsch - Lexikon der Psychologie. unter Mitarbeit von Janina Strohmer. 18. überarb. 

Auflage. Hogrefe Verlag, Bern 

Zachary, R.A., & Gorsuch, R. L. (1985). Continuous norming: Implication for the WISC-R. Journal of 

Clinical Psychology, 41, 86-94. doi:0.1002/1097 

 

Acknowledgments 
 

Thank you to Prof. Dr. Marieke Timmerman and Lieke Voncken from the University of Groningen for 

their scientific consulting, and for providing the IDS-2 statistics used in this paper. 

 


