BASICS OF MEASUREMENT

Science is based on objective observation of the changes in variables. The greater our precision of measurement the greater can be our confidence in our observations. Also, measurements are always less than perfect, i.e., there are errors in them. The more we know about the sources of errors in our measurements the less likely we will be to draw erroneous conclusions. This discussion presents some of the terms and operations that are a part of measurement.

The first set of terms to define are the four terms that make up the Scales of Measurement. There are four scales of measurement and being able to discern which scale to use is paramount in selecting the correct research design and analysis tools. The scales are nominal, ordinal, interval, and ratio.

A nominal scale is a set of categories that have no set order or hierarchy of values. A simple nominal scale is used in the variable Treatment, where we have two categories: 1) Subjects get treated, or 2) subjects do not get treated. There is no order to this scale. The categories just exist, and we use them to define a variable.

An ordinal scale is a set of categories that have order, but where we do not know the distance between the categories, and where the distance between one pair of categories may be different from the distance between another pair. An example would be a simple scale for hardness, where 1 = scratch with fingernail, 2 = scratch with penny (copper), and 3) scratch with a diamond (carbon). With this scale we can grade items depending on their hardness into three categories that range from soft to hard. However, the increase in hardness from my fingernail to a penny is much smaller than the increase in hardness from the penny to the diamond. Thus this scale will let us order items, but it will not let us get an exact measurement, i.e., we can say that a piece of iron is harder than a piece of wood because the penny will scratch the wood but not the iron, but we cannot say "how much harder" is the iron.

An interval scale has order and equal distances between each category. Thus, a ruler or a thermometer use interval scales. The ruler uses the inch or the millimeter, and the thermometer uses degrees. Each inch or degree is the same size, so a table that is 24 inches wide is exactly twice as large as a table that is 12 inches wide. Interval scales let us say how much longer or hotter, or whatever, one thing is compared to another thing.

Finally, a ratio scale is an interval scale that has a true zero. Inches are a ratio scale, but the Fahrenheit or Celsius scales are interval. If an item is zero inches long then its not there, thus zero inches truly means zero. If the temperature is zero degrees Celsius, then water may freeze but your heat pump can still heat your house. Why? Because there is still some warmth in air that is zero degrees Celsius. The Kelvin scale for temperature is a ratio scale. Why? 

Types of Variables and Descriptive Statistics

You are already familiar with independent, dependent, and control variables. These are names we give to variables depending on how they are used in a study. The same variable can, in different situations, be an independent, dependent, or control variable. When we measure a variable, be it independent, dependent, or control, we classify the variable as either continuous or categorical. 

1. Continuous variables can take on numerical values (1,2,3, ... ,N), where there are equal units of measurement between the numerical values. This means that the distance between 1 and 2 is the same as between 2 and 3. Continuous variables are measured using either interval scales or ratio scales. Continuous variables can be analyzed by getting the mean and the variance. The mean is the average value of a set of scores.

The variance tells us how the variable changes across subjects. The variance is the average squared deviation around the mean. This value is hard to relate to the mean because the value is based on squared values of x. If we take the square root of the variance we get the standard deviation. The standard deviation is the average deviation of the scores around the mean; this is easier to interpret (really!). 

Another measure of dispersion is Range. The range of a variable is the distance between the minimum and maximum values the variable takes. 

2. Categorical variables also take on numerical values, but the measurement scale we use is the nominal scale. For example, we might have the variable called religious preference. We would have several categories: Christian, Jewish, Moslem, and Buddhist. For convenience we can number each category 1, 2, 3, and 4 respectively, but the numbers have no meaning, i.e., being a 1 is not better or worse than being 3. 

We can count the frequencies in each category, but we cannot get the mean, or standard deviation of a nominal variable. We can compute the mode of a categorical variable. The mode is the category with the greatest frequency. 

Independent variables (IVs) are often categorical. When we do a study comparing two different treatments, we will have two groups of subjects; one group gets the first treatment and the other group gets the second. This study has one IV (treatments) with two categories (treatment 1 and treatment 2).

3. Ordinal variables are a third type of variable that are classified as either categorical or continuous depending on one's preference and how they are used. This third type is a variable that is measured using an ordinal scale. For example, if we arrange ten people from the tallest to the shortest. We can number the tallest as 1, the next tallest as 2, and so on until the shortest is numbered as 10. An ordinal scale is different from an interval scale in that there are NOT equal units of measurement between the numerical values. 

In mathematics you cannot obtain the mean of an ordinal variable, because the ranks (1, 2, 3, etc.) are not equally spaced. This means that the difference between ranks 1 and 2 will be larger (or smaller) than the difference between ranks 3 and 4. 

Attitudes are often measured with a rating scale. For example we might ask someone to rate their preference for ice cream on this 5 - point scale:

	Love
	Like
	Neutral
	Dislike
	Hate

	1
	2
	3
	4
	5


If we decide there are equal distances between each rank (i.e., the intervals are equal), then researchers often assume it is an interval scale and compute means and standard deviations. This is not an entirely correct assumption to make because if the intervals are not really equal then it is still an ordinal scale no matter what we assume.

If you do not want to assume the intervals are equal you can compute the median rank. The median rank is the rank that falls in the middle of the distribution of ranks. For example: If we have 20 people rate their preference for ice cream (where 1 = "I hate ice cream" and 5 = "I love ice cream") the data might look like this:

1 2 2 2 3 3 3 4 4 4 4 4 5 5 5 5 5 5 5 5

The median rank is 4, because 10 ratings are 4 or above, and 10 ratings are 4 or below. The mode for this data is 5. The mean is 3.8 and the standard deviation is 1.3.

Properties of Distributions

Many human characteristics such as height, weight, and income are distributed throughout the world as symmetrical distributions. If we measure the heights of a large number of people in inches and plot them so that height in inches is along the bottom axis and frequency is along the vertical axis, we will get a symmetrical distribution. This symmetrical distribution is often called a normal distribution. This curve is useful because it has many properties. Data distributed normally are measured using an interval or ratio scale. Thus, you can compute the mean and standard deviation. Also, certain statistical procedures, called parametric tests, can be used with normally distributed data. With a symmetrical distribution the mean, median, and mode all fall approximately at the same point. If our data falls into a normal distribution, about 68% of the values lie within the mean plus one standard deviation (sd) and the mean minus one sd. It is this property that aids us in using the standard deviation to understand the variability in the scores.

We can compare two distributions if we know their means and standard deviations (sd). For example: we have two sets of test scores for the research class. Test A has a mean of 20 and a sd of 9 and Test B has a mean of 21 and a sd of 3. The means tell us that overall the two groups are similar. The standard deviations tell us that Test A was easier for some and harder for others than Test B. We can say this because Test A has a very large standard deviation and Test B a rather small one. For Test A, 68% of the scores lay between 11 and 29, while for Test B, 68% of the scores lay between 18 and 24. A researcher would say Test A had more variability then Test B.

  The table below summarizes the scales of measurement and some of their distinguishing characteristics. 

Summary of Scales of Measurement

	Scale
	How used in a study?
	Characteristics

	
	Categorical
	Continuous
	

	Nominal
	Yes
	No
	Can compute Mode only. Frequencies data. All IVs in differences studies are nominal and categorical

	Ordinal
	Yes
	Sometimes
	Can compute Median or Mode if used as a categorical variable or Mean if assumed to be continuous. Data are ranks

	Interval
	No
	Yes
	Can compute Mean, Median or Mode as desired. Measurement in inches, pounds, number of items answered correctly, or percentages.

	Ratio
	No
	Yes
	


Reliability and Validity of Measurement

When we decide to study a variable we need to devise some way to measure it. Some variables are easy to measure and others are very difficult. For example, measuring your eye color is easy (blue, brown, grey, green, etc.), but measuring your capacity for creativity is very difficult (For example, compose a sonnet that is both original and profound?).

We try to develop the best measures we can whenever we are doing research. A good measuring instrument or test is one that is reliable and valid. We will look at test validity first.

Test Validity refers to the degree to which our measuring strategy (instrument, machine, or test) measures what we want to measure. This sounds obvious; right? Well sometimes it is and sometimes it is not. For example: what is a valid measure of height (a ruler?), weight (a scale?), intelligence (an IQ test?), attitude towards God (going to church/not going to church?), mathematical ability (find the length of the hypotenuse of a right triangle?), etc. As you can see some variables can be difficult to measure.

A valid measure is one that accurately measures the variable you are studying. There are four ways to establish that your measure is valid: content, construct, predictive, and concurrent validity.

1. Content validity is established if your measuring instrument samples from the areas of skill or knowledge that compose the variable, i.e., if a test on addition has a good selection of 2 + 2 type problems then it is probably valid.

2. Construct validity is based on designing a measure that logically follows from a theory or hypothesis. For example: suppose creativity is defined as the ability to find original solutions to problems. I design a test for creativity where subjects are to list as many uses for a paper clip as possible. I designate subjects who list more than 30 uses as creative. I have developed a test with construct validity. The test is valid to the extent that the task (uses for a paper clip) is a logical application of my theory about creativity. If my theory is wrong or if my measure is not a logical application of the theory, then the measure is not valid.

3. Predictive validity refers to the ability of my measure to separate subjects who possess the attribute I am studying from those who do not. If I design a test of aptitude for flying an airplane, it has predictive validity if subjects who score high learn to fly, and if subjects who score low crash.

4. Concurrent validity is used when a valid measure exists for your variable but you want to design another measure that is perhaps easier to use or faster to take. Suppose you design a short test for manual dexterity to replace a much longer one. In this case you have subjects take both the old and new tests. Your new test has concurrent validity if the subjects make similar scores on both tests. Concurrent and predictive validity are similar.

Reliability is the consistency with which our measure measures. If you cannot get the same answer twice with your measure it is not reliable. A ruler is reliable. You and I can use a ruler to measure this page and we will both conclude that it is 8.5 inches by 11 inches. A measuring strategy can be reliable and not valid, but if the instrument is not reliable it is also not valid.

Problems with reliability occur when we are measuring more abstract variables. For example, when measuring the skill of a diver, we use several judges, who apply standards to each type of dive. The judges often do not agree exactly on the rating of each dive. But, if the judges are all pretty close to each other (say 8.5, 8.5, 8.0, and 9.0) we conclude that they are able to apply the standards of a good dive to the diver's performance, and that our measure is reliable. Our measure in this case has two components: 1) the standards for a good dive, and 2) training the judges to apply the standards the same.

Measurement is never exact. If you and I measured this page with a ruler divided into 100ths of an inch, I might say it is 8.51 inches wide and you might say it is 8.49 inches wide. At some point our measures always break down and errors creep into our data. This is when the concept of Error of Measurement becomes important.

In order to be able to use any measure we need to know its error of measurement. Error of measurement refers to the difference between the measurement we obtain and the "true" value of the variable. Question: Where do you get the "true" measure if all measuring methods produce errors? Answer: "True" measures cannot be obtained, but they can be estimated.

In Chapter 8 - Interpreting Correlations we computed the correlation to estimate the reliability of a test. The correlation coefficient (rxy) computed in Chapter 8 was .88. This value means you can predict one test score from the second and that the error of prediction is fairly low. We would conclude that this test is reliable. Unless the correlation coefficient is 1.00 (or -1.00) then there is some error in the prediction. The degree of error can be calculated. 

For the data in the Chapter 8 example the Standard Error of Measurement (Smeas) is .62. What does this mean? The Smeas is the expected standard deviation of scores for any person who takes a large number of parallel tests. If a person took many parallel tests about Mars, then our Smeas of .62 is the standard deviation of those test scores around the true score of that person's knowledge, i.e., the mean of many administrations of parallel tests is a close estimate of their true score. Since our example is based on a ten item test and the scores are the number of items answered correctly, then if someone got 7 on the test, we can use the Smeas to calculate a range. The person's true ability will lie inside this range. Earlier we mentioned that the range lying one standard deviation above and one standard deviation below the mean encompassed approximately 68% of the scores. If we add and subtract the Smeas from the mean, this resulting range will capture approximately 68% of the person's possible scores from multiple testings. Thus, for a person with a score of 7.0, their true score has a good probability of lying between 6.38 and 7.62. If we wanted to be very confident that the person's true score was in the range we can add and subtract two Smeas, and this range will encompass 95% of the possible scores. Finally, we can add and subtract three Smeas, and the range will capture 99% of the possible scores.

The larger the Smeas the more error there is in our measuring instrument. If there is too much error in our measuring instrument then it will not provide us with useful data. A good measuring strategy is reliable and, because it is reliable, it has a small amount of error in its observations. 
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NZscience teacher 117 history philosophy science science as pursuit of a measured understanding Science is about doing and making, not only thinking, because it is crucially an experimental activity, directed to measurement, as Philip Catton, co-ordinator for History and Philosophy of Science, University of Canterbury explains: Both in science and in the wider practical sphere, responsible people seek the most measured way to understand their situation. To achieve such an understanding brings harmony to the way that one thinks. In my previous articles I have noted that inquiry ignited as science only when (in the seventeenth century) its practitioners became serious about the practice of measurement. If some ancient inquirers half-implemented the ideal of measurement, they also half-held back from it, at least partly because they were disinclined to make inquiry practical. They thought inquirers were too lofty in their social station to get their hands dirty doing practical things. According to my account of measurement, measurement functions not simply to furnish a test of some theory, but rather as a direct argument to a specific theoretical conclusion. On this account, it easily follows that the more measured an understanding is in science, the more harmonising its engagement of the evidence will be. Yet if this is how science becomes reasonable, then philosophers of science mostly misunderstand the reasonableness of science. For most philosophers of science conceive of evidence entirely in terms of the negative idea of tests. To focus on the negative idea of tests sets one up to be `hypothetico-deductivist' about science. You then think that science works by guessing, followed by attempts empirically to criticise and potentially refute these guesses. (One famous philosopher who argued this was Karl Popper, who was stationed in New Zealand for a number of years. That was during and after World War II, and Popper did some deservedly famous writing while here. Great though Popper doubtless was, my earlier articles in this series have implied some criticism of Popper's philosophy of science.) My own more positive conception of how scientists use evidence is not `hypothetico-deductivist'. Rather than guesswork, science is, I say, often instead like detective work. How does Sherlock Holmes solve the crime? By deduction, dear Watson. And the deduction in question does not run in `hypothetico-deductivist' fashion, from an hypothesis to an evidential claim. Holmes is not concerned merely with whether his proposed solution of the crime `checks out' with the available evidence. On the contrary, Holmes finds some ingenious way to infer his solution to the crime deductively, directly from the evidence in front of him. To do this, he naturally must deploy additional, background assumptions. But in light of those assumptions - and the evidential clue which Holmes isolates for our special attention - Holmes directly deduces his solution. And the great thing about Holmes's genius is that you cannot reasonably complain against the assumptions that he uses. Holmes ingeniously finds a way to use only assumptions that are themselves well-evidenced or obviously true. It seems to you entirely reasonable to grant these assumptions! And yet in their light some empirical clue or clues that Holmes points out imply the solution to the crime. By working in a similar way to this, as detective work rather than mere guesswork, science can evidence its theories more directly and impressively than the standard `hypothetico-deductivist' conception of its method allows us to see. So let us consider in light of the `detective work' model of science, the question: What is a measurement? We now see that measurement involves cunning or ingenuity of the following general form. From some phenomenon B, we infer what is necessary for the very possibility of B's obtaining as it does. (This form of inference is called transcendental, for a reason that is easily explained.) We seek to discern in the light of B some moral, A, about things more generally - what, broadly speaking, things needed to have been like before B could ever have obtained as it does. And we are the more ingenious, the more innocuous, or obviously true our assumptions are concerning what is necessary for the very possibility of what. This inference form allows us to infer beyond surface matters of fact. That is why philosophers call this inference form `transcendental'. If we can contrive to reason this way, then we are agents in the inquiry rather than mere passive observers; we are actively delving into facts behind the facts by an ingenious practical feat. The activity of measuring is clearly at one and the same time both practical and theoretical.in making a measurement, we establish practically something theoretical. Our conclusion, A, will be the more highly theoretical, the greater the breadth of our consideration about why this A is necessary for the possibility of the phenomenon B. At one extreme our reasonings will concern in the most general respects why A was conceptually necessary for the very conceptual possibility of B. For example, when (at the beginning of his famous Principia of 1687) Sir Isaac Newton effectively measured what his doctrine of space-time structure needed to be like, in order that the phenomenon of inertia should even be possible, he was operating at this highly theoretical extreme. At the other extreme, the relevant background judgements concerning what is necessary for what will be so very practical, so very concerned with given, purely causal forms of necessity and possibility, that they scarcely seem to us even to be theoretical. Thus, it seems very direct and hardly theoretical to infer the weight of a bag of apples, say, after having placed them on a scale, from the alignment of the pointer on that scale. I shall discuss a similarly straightforward example fully in just a moment. All measurements are formally transcendental, however mundane or highly theoretical the conclusions reached by them may seem. There is not a difference in kind, but only a difference in degree, between even the most highly theoretical of all conclusions to be reached in science - such as Newton's about space and time, on the one hand - and the most mundane and straightforward empirical determination by measurement, such as how much some bag of apples weighs, on the other. Thus it is hardly surprising that there are cases in between the extremes. For example, when Newton reached his theoretical conclusions concerning the gravitational mechanics of the solar system, he did so by deducing them from phenomena, that is by making ingenious measurement inferences. These conclusions were notably less highly theoretical than were Newton's own conclusions concerning space and time, but notably more highly theoretical than a conclusion concerning, say, the radius of the Earth, let alone one concerning the weight of a bag of apples. Measurements at all levels are notably fallible, even if they are at all levels the best, or most improving, form of inference that there is. It is a practical matter to have knowledge by measurement, and it is also best practice to garner such knowledge. We can be practically wise only if we can reason skillfully, and with good empirical information concerning À NZscience teacher 117 what is necessary for the possibility of what, and that is what it is to work as a detective rather than merely as a guess- and-tester. A scientist is like a detective pursuing the most measured understanding possible. Here is an example to illustrate in a mundane way the above points. If my daughter and I want to measure how tall my daughter is, we might do it as follows. First, she slips off her shoes and stands vertically against a wall, shoulders square, head high and heels on the floor…

History and Philosophy of Measurement

"Philosophy of science without history of science is empty; history of science without philosophy of science is blind." (I. Lakatos, 1971, p. 91).

Should the history and philosophy of social science measurement be separate activities? History is about change over time. The historian's task is to tell a coherent story about a sequence of events. One standard view is that it is not the task of the historian to propose and examine an explanatory framework for these events.

A chief activity of philosophers is to investigate and contribute to our knowledge of how science ought to be conducted. Consequently, they usually view the sequence of past events in terms of progress. This implies an explanatory framework for examining these events with the central task of historical research being that of not only recording but also explaining progress.

Laudan (1977, 1990) and others argue against the separation of the history and philosophy of science. The gap between dealing with "facts" (historical component) and "values" (philosophical component) is artificial and does not reflect how science is actually conducted.

What are the implications of this for the history of measurement? Clearly, the history of measurement must include a description of what actually happened. This historical component should be sensitive to as many of the issues raised by Sokal (1984) as possible. It should also be true to the historical record. Although this seems obvious, there are philosophers of science, including Lakatos, who have argued for imaginary treatments of the reconstruction of historical events in science.

I believe that the history of measurement should include a view of what measurement ought to be. There may be debate about the inclusion of a philosophical component. But scientific activities cannot be "value-free". Whether or not we make it clear, the philosophy of measurement that underlies our historical work still exists. It is better to make these views explicit than to leave them unstated and unexamined. Philosophic beliefs about measurement will influence the selection and interpretation of historical events. Although a variety of measurement theories may inform the history of measurement, Rasch measurement, with its explicit foundation in a philosophy of measurement, suggests itself as a promising framework.

I view the history of psychological measurement as a history of ideas about the quantification of individual differences in human characteristics. I am trying to develop a history of measurement which combines a description of the major measurement theories that have been proposed with consideration of what measurement ought to be.

The history and philosophy of measurement are not independent. As we tell of the development of measurement theories and practices, it is important to move beyond the recitation of "facts" to address the evaluative and normative issues regarding progress within the field. Inherent in the concept of progress are judgments about what constitutes "good" measurement theory and practice. In my next column, I will address the concept of a research tradition, and how it can structure our thinking about progress in measurement theory.
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	Essentials of expressing measurement uncertainty 

This is a brief summary of the method of evaluating and expressing uncertainty in measurement adopted widely by U.S. industry, companies in other countries, NIST, its sister national metrology institutes throughout the world, and many organizations worldwide. These "essentials" are adapted from NIST Technical Note 1297 (TN 1297), prepared by B.N. Taylor and C.E. Kuyatt and entitled Guidelines for Evaluating and Expressing the Uncertainty of NIST Measurement Results, which in turn is based on the comprehensive International Organization for Standardization (ISO) Guide to the Expression of Uncertainty in Measurement. Users requiring more detailed information may access TN 1297 online, or if a comprehensive discussion is desired, they may purchase the ISO Guide. 

Background information on the development of the ISO Guide, its worldwide adoption, NIST TN 1297, and the NIST policy on expressing measurement uncertainty is given in the section International and U.S. perspectives on measurement uncertainty. 

To assist you in reading these guidelines, you may wish to consult a short glossary. Additionally, a companion publication to the ISO Guide, entitled the International Vocabulary of Basic and General Terms in Metrology, or VIM, gives definitions of many other important terms relevant to the field of measurement. Users may also purchase the VIM. 

Basic definitions 

Measurement equation 

The case of interest is where the quantity Y being measured, called the measurand, is not measured directly, but is determined from N other quantities X1, X2, . . . , XN through a functional relation f, often called the measurement equation: 

Y = f(X1, X2, . . . , XN)
(1)
Included among the quantities Xi are corrections (or correction factors), as well as quantities that take into account other sources of variability, such as different observers, instruments, samples, laboratories, and times at which observations are made (e.g., different days). Thus, the function f of equation (1) should express not simply a physical law but a measurement process, and in particular, it should contain all quantities that can contribute a significant uncertainty to the measurement result. 

An estimate of the measurand or output quantity Y, denoted by y, is obtained from equation (1) using input estimates x1, x2, . . . , xN for the values of the N input quantities X1, X2, . . . , XN. Thus, the output estimate y, which is the result of the measurement, is given by 

y = f(x1, x2, . . . , xN).
(2)
For example, as pointed out in the ISO Guide, if a potential difference V is applied to the terminals of a temperature-dependent resistor that has a resistance R0 at the defined temperature t0 and a linear temperature coefficient of resistance b, the power P (the measurand) dissipated by the resistor at the temperature t depends on V, R0, b, and t according to 

P = f(V, R0, b, t) = V2/R0[1 + b(t - t0)].
(3)
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Classification of uncertainty components 

The uncertainty of the measurement result y arises from the uncertainties u (xi) (or ui for brevity) of the input estimates xi that enter equation (2). Thus, in the example of equation (3), the uncertainty of the estimated value of the power P arises from the uncertainties of the estimated values of the potential difference V, resistance R0, temperature coefficient of resistance b, and temperature t. In general, components of uncertainty may be categorized according to the method used to evaluate them. 

Type A evaluation
method of evaluation of uncertainty by the statistical analysis of series of observations, 

Type B evaluation
method of evaluation of uncertainty by means other than the statistical analysis of series of observations. 

Representation of uncertainty components 

Standard Uncertainty
Each component of uncertainty, however evaluated, is represented by an estimated standard deviation, termed standard uncertainty with suggested symbol ui, and equal to the positive square root of the estimated variance 

Standard uncertainty: Type A
An uncertainty component obtained by a Type A evaluation is represented by a statistically estimated standard deviation si, equal to the positive square root of the statistically estimated variance si2, and the associated number of degrees of freedom vi. For such a component the standard uncertainty is ui = si. 

Standard uncertainty: Type B
In a similar manner, an uncertainty component obtained by a Type B evaluation is represented by a quantity uj , which may be considered an approximation to the corresponding standard deviation; it is equal to the positive square root of uj2, which may be considered an approximation to the corresponding variance and which is obtained from an assumed probability distribution based on all the available information. Since the quantity uj2 is treated like a variance and uj like a standard deviation, for such a component the standard uncertainty is simply uj.


Evaluating uncertainty components: Type A 
A Type A evaluation of standard uncertainty may be based on any valid statistical method for treating data. Examples are calculating the standard deviation of the mean of a series of independent observations; using the method of least squares to fit a curve to data in order to estimate the parameters of the curve and their standard deviations; and carrying out an analysis of variance (ANOVA) in order to identify and quantify random effects in certain kinds of measurements. 
Mean and standard deviation 

As an example of a Type A evaluation, consider an input quantity Xi whose value is estimated from n independent observations Xi ,k of Xi obtained under the same conditions of measurement. In this case the input estimate xi is usually the sample mean 
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and the standard uncertainty u(xi) to be associated with xi is the estimated standard deviation of the mean 
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	Evaluating uncertainty components: Type B 
A Type B evaluation of standard uncertainty is usually based on scientific judgment using all of the relevant information available, which may include: 

· previous measurement data, 

· experience with, or general knowledge of, the behavior and property of relevant materials and instruments, 

· manufacturer's specifications, 

· data provided in calibration and other reports, and 

· uncertainties assigned to reference data taken from handbooks. 

Below are some examples of Type B evaluations in different situations, depending on the available information and the assumptions of the experimenter. Broadly speaking, the uncertainty is either obtained from an outside source, or obtained from an assumed distribution. 

Uncertainty obtained from an outside source
Multiple of a standard deviation 

Procedure:  Convert an uncertainty quoted in a handbook, manufacturer's specification, calibration certificate, etc., that is a stated multiple of an estimated standard deviation to a standard uncertainty by dividing the quoted uncertainty by the multiplier.


Confidence interval 

Procedure:  Convert an uncertainty quoted in a handbook, manufacturer's specification, calibration certificate, etc., that defines a "confidence interval" having a stated level of confidence, such as 95 % or 99 %, to a standard uncertainty by treating the quoted uncertainty as if a normal probability distribution had been used to calculate it (unless otherwise indicated) and dividing it by the appropriate factor for such a distribution. These factors are 1.960 and 2.576 for the two levels of confidence given.
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	Uncertainty obtained from an assumed distribution
Normal distribution: "1 out of 2" 

Procedure:  Model the input quantity in question by a normal probability distribution and estimate lower and upper limits a- and a+ such that the best estimated value of the input quantity is (a+ + a-)/2 (i.e., the center of the limits) and there is 1 chance out of 2 (i.e., a 50 % probability) that the value of the quantity lies in the interval a- to a+. Then uj is approximately 1.48 a, where a = (a+ - a-)/2 is the half-width of the interval.


Normal distribution: "2 out of 3" 

Procedure:  Model the input quantity in question by a normal probability distribution and estimate lower and upper limits a- and a+ such that the best estimated value of the input quantity is (a+ + a-)/2 (i.e., the center of the limits) and there are 2 chances out of 3 (i.e., a 67 % probability) that the value of the quantity lies in the interval a- to a+. Then uj is approximately a, where a = (a+ - a-)/2 is the half-width of the interval.


Normal distribution: "99.73 %" 

Procedure:  If the quantity in question is modeled by a normal probability distribution, there are no finite limits that will contain 100 % of its possible values. However, plus and minus 3 standard deviations about the mean of a normal distribution corresponds to 99.73 % limits. Thus, if the limits a- and a+ of a normally distributed quantity with mean (a+ + a-)/2 are considered to contain "almost all" of the possible values of the quantity, that is, approximately 99.73 % of them, then uj is approximately a/3, where a = (a+ - a-)/2 is the half-width of the interval.


Uniform (rectangular) distribution 

Procedure:  Estimate lower and upper limits a- and a+ for the value of the input quantity in question such that the probability that the value lies in the interval a- and a+ is, for all practical purposes, 100 %. Provided that there is no contradictory information, treat the quantity as if it is equally probable for its value to lie anywhere within the interval a- to a+; that is, model it by a uniform (i.e., rectangular) probability distribution. The best estimate of the value of the quantity is then (a+ + a-)/2 with uj = a divided by the square root of 3, where a = (a+ - a-)/2 is the half-width of the interval.


Triangular distribution 

The rectangular distribution is a reasonable default model in the absence of any other information. But if it is known that values of the quantity in question near the center of the limits are more likely than values close to the limits, a normal distribution or, for simplicity, a triangular distribution, may be a better model. 
Procedure:  Estimate lower and upper limits a- and a+ for the value of the input quantity in question such that the probability that the value lies in the interval a- to a+ is, for all practical purposes, 100 %. Provided that there is no contradictory information, model the quantity by a triangular probability distribution. The best estimate of the value of the quantity is then (a+ + a-)/2 with uj = a divided by the square root of 6, where a = (a+ - a-)/2 is the half-width of the interval.


  

Schematic illustration of probability distributions 
The following figure schematically illustrates the three distributions described above: normal, rectangular, and triangular. In the figures, µt is the expectation or mean of the distribution, and the shaded areas represent ± one standard uncertainty u about the mean. For a normal distribution, ± u encompases about 68 % of the distribution; for a uniform distribution, ± u encompasses about 58 % of the distribution; and for a triangular distribution, ± u encompasses about 65 % of the distribution. 
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	Combining uncertainty components 

Calculation of combined standard uncertainty
The combined standard uncertainty of the measurement result y, designated by uc(y) and taken to represent the estimated standard deviation of the result, is the positive square root of the estimated variance uc2(y) obtained from 
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                   (6) 

Equation (6) is based on a first-order Taylor series approximation of the measurement equation Y = f(X1, X2, . . . , XN) given in equation (1) and is conveniently referred to as the law of propagation of uncertainty. The partial derivatives of f with respect to the Xi (often referred to as sensitivity coefficients) are equal to the partial derivatives of f with respect to the Xi evaluated at Xi = xi; u(xi) is the standard uncertainty associated with the input estimate xi; and u(xi, xj) is the estimated covariance associated with xi and xj. 

Simplified forms 
Equation (6) often reduces to a simple form in cases of practical interest. For example, if the input estimates xi of the input quantities Xi can be assumed to be uncorrelated, then the second term vanishes. Further, if the input estimates are uncorrelated and the measurement equation is one of the following two forms, then equation (6) becomes simpler still.
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	 Measurement equation: 

A sum of quantities Xi multiplied by constants ai.
Y = a1X1+ a2X2+ . . . aNXN 

Measurement result: 

y = a1x1 + a2x2 + . . . aNxN 

Combined standard uncertainty: 

uc2(y) = a12u2(x1) + a22u2(x2) + . . . aN2u2(xN) 


Measurement equation: 

A product of quantities Xi, raised to powers a, b, ... p, multiplied by a constant A.
Y = AX1a X2b. . . XNp 

Measurement result: 

y = Ax1a x2b. . . xNp 

Combined standard uncertainty: 

uc,r2(y) = a2ur2(x1) + b2ur2(x2) + . . . p2ur2(xN)

 

Here ur(xi) is the relative standard uncertainty of xi and is defined by ur(xi) = u(xi)/|xi|, where |xi| is the absolute value of xi and xi is not equal to zero; and uc,r(y) is the relative combined standard uncertainty of y and is defined by uc,r(y) = uc(y)/|y|, where |y| is the absolute value of y and y is not equal to zero. 

Meaning of uncertainty 
If the probability distribution characterized by the measurement result y and its combined standard uncertainty uc(y) is approximately normal (Gaussian), and uc(y) is a reliable estimate of the standard deviation of y, then the interval y ​ uc(y) to y + uc(y) is expected to encompass approximately 68 % of the distribution of values that could reasonably be attributed to the value of the quantity Y of which y is an estimate. This implies that it is believed with an approximate level of confidence of 68 % that Y is greater than or equal to y ​ uc(y), and is less than or equal to y + uc(y), which is commonly written as Y= y ± uc(y). 




Expanded uncertainty and coverage factor 

Expanded uncertainty 

Although the combined standard uncertainty uc is used to express the uncertainty of many measurement results, for some commercial, industrial, and regulatory applications (e.g., when health and safety are concerned), what is often required is a measure of uncertainty that defines an interval about the measurement result y within which the value of the measurand Y can be confidently asserted to lie. The measure of uncertainty intended to meet this requirement is termed expanded uncertainty, suggested symbol U, and is obtained by multiplying uc(y) by a coverage factor, suggested symbol k. Thus U = kuc(y) and it is confidently believed that Y is greater than or equal to y - U, and is less than or equal to y + U, which is commonly written as Y = y ± U. 

Coverage factor 

In general, the value of the coverage factor k is chosen on the basis of the desired level of confidence to be associated with the interval defined by U = kuc. Typically, k is in the range 2 to 3. When the normal distribution applies and uc is a reliable estimate of the standard deviation of y, U = 2 uc (i.e., k = 2) defines an interval having a level of confidence of approximately 95 %, and U = 3 uc (i.e., k = 3) defines an interval having a level of confidence greater than 99 %. 

Relative expanded uncertainty 

In analogy with relative standard uncertainty ur and relative combined standard uncertainty uc,r defined above in connection with simplified forms of equation (6), the relative expanded uncertainty of a measurement result y is Ur = U/|y|, y not equal to zero. 

Examples of uncertainty statements
The following are examples of uncertainty statements as would be used in publication or correspondence. In each case, the quantity whose value is being reported is assumed to be a nominal 100 g standard of mass ms. 

Example 1
ms = 100.021 47 g with a combined standard uncertainty (i.e., estimated standard deviation) of uc = 0.35 mg. Since it can be assumed that the possible estimated values of the standard are approximately normally distributed with approximate standard deviation uc, the unknown value of the standard is believed to lie in the interval ms ± uc with a level of confidence of approximately 68 %. 

Example 2
ms = (100.021 47 ± 0.000 70) g, where the number following the symbol ± is the numerical value of an expanded uncertainty U = k uc, with U determined from a combined standard uncertainty (i.e., estimated standard deviation) uc = 0.35 mg and a coverage factor k = 2. Since it can be assumed that the possible estimated values of the standard are approximately normally distributed with approximate standard deviation uc, the unknown value of the standard is believed to lie in the interval defined by U with a level of confidence of approximately 95 %. 

	Background 

A measurement result is complete only when accompanied by a quantitative statement of its uncertainty. The uncertainty is required in order to decide if the result is adequate for its intended purpose and to ascertain if it is consistent with other similar results. 

International and U.S. perspectives on measurement uncertainty 

Over the years, many different approaches to evaluating and expressing the uncertainty of measurement results have been used. Because of this lack of international agreement on the expression of uncertainty in measurement, in 1977 the International Committee for Weights and Measures (CIPM, Comité International des Poids et Measures), the world's highest authority in the field of measurement science (i.e., metrology), asked the International Bureau of Weights and Measures (BIPM, Bureau International des Poids et Mesures), to address the problem in collaboration with the various national metrology institutes and to propose a specific recommendation for its solution. This led to the development of Recommendation INC-1 (1980) by the Working Group on the Statement of Uncertainties convened by the BIPM, a recommendation that the CIPM approved in 1981 and reaffirmed in 1986 via its own Recommendations 1 (CI-1981) and 1 (CI-1986): 
    

Recommendation INC-1 (1980)
Expression of experimental uncertainties 

1. The uncertainty in the result of a measurement generally consists of several components which may be grouped into two categories according to the way in which their numerical value is estimated. 
Type A. Those which are evaluated by statistical methods 

Type B. Those which are evaluated by other means 

There is not always a simple correspondence between the classification into categories A or B and the previously used classification into "random" and "systematic" uncertainties. The term "systematic uncertainty" can be misleading and should be avoided. 
Any detailed report of uncertainty should consist of a complete list of the components, specifying for each the method used to obtain its numerical value. 
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	2. The components in category A are characterized by the estimated variances si2 ( or the estimated "standard deviations" si) and the number of degrees of freedom vi. Where appropriate the covariances should be given. 

3. The components in category B should be characterized by quantities uj2, which may be considered approximations to the corresponding variances, the existence of which is assumed. The quantities uj2 may be treated like variances and the quantities uj like standard deviations. Where appropriate, the covariances should be treated in a similar way. 

4. The combined uncertainty should be characterized by the numerical value obtained by applying the usual method for the combination of variances. The combined uncertainty and its components should be expressed in the form of "standard deviations." 

5. If for particular applications, it is necessary to multiply the combined uncertainty by an overall uncertainty, the multiplying factor must always be stated. 
The above recommendation, INC-1 (1980), is a brief outline rather than a detailed prescription. Consequently, the CIPM asked the International Organization for Standardization (ISO) to develop a detailed guide based on the recommendation because ISO could more easily reflect the requirements stemming from the broad interests of industry and commerce. The ISO Technical Advisory Group on Metrology (TAG 4) was given this responsibility. It in turn established Working group 3 and assigned it the following terms of reference: 

To develop a guidance document based upon the recommendation of the BIPM Working Group on the Statement of Uncertainties which provides rules on the expression of measurement uncertainty for use within standardization, calibration, laboratory accreditation, and metrology services; 

The purpose of such guidance is: 

to promote full information on how uncertainty statements are arrived at;
to provide a basis for the international comparison of measurement results. 



	International and U.S. perspectives, continued 

The Guide to the Expression of Uncertainty in Measurement
The end result of the work of ISO/TAG 4/WG 3 is the 100-page Guide to the Expression of Uncertainty in Measurement (or GUM as it is now often called). It was published in 1993 (corrected and reprinted in 1995) by ISO in the name of the seven international organizations that supported its development in ISO/TAG 4: 

BIPM
Bureau International des Poids et Mesures
IEC
International Electrotechnical Commission
IFCC
International Federation of Clinical Chemistry
ISO
International Organization for Standardization
IUPAC
International Union of Pure and Applied Chemistry
IUPAP
International Union of Pure and Applied Physics
OIML
International Organization of Legal Metrology
       The focus of the ISO Guide or GUM is the establishment of "general rules for evaluating and expressing uncertainty in measurement that can be followed at various levels of accuracy and in many fields--from the shop floor to fundamental research." As a consequence, the principles of the GUM are intended to be applicable to a broad spectrum of measurements, including those required for: 

maintaining quality control and quality assurance in production; 

complying with and enforcing laws and regulations; 

conducting basic research, and applied research and development, in science and engineering; 

calibrating standards and instruments and performing tests throughout a national measurement system in order to achieve traceability to national standards; 

developing, maintaining, and comparing international and national physical reference standards, including reference materials. 
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	Wide acceptance of the GUM
The GUM has found wide acceptance in the United States and other countries. For example: 
The GUM method of evaluating and expressing measurement uncertainty has been adopted widely by U.S. industry as well as companies abroad. 

The National Conference of Standards Laboratories (NCSL), which has some 1500 members, has prepared and widely distributed Recommended Practice RP-12, Determining and Reporting Measurement Uncertainties, based on the GUM. 

ISO published the French translation of the GUM in 1995, German and Chinese translations were also published in 1995, and an Italian translation was published in 1997. Translations of the GUM into Estonian, Hungarian, Italian, Japanese, Spanish, and Russian have been completed or are well underway. 
GUM methods have been adopted by various regional metrology and related organizations including: 

NORAMET 
North American Collaboration in Measurement Standards
NAVLAP
National Voluntary Laboratory Accreditation Program
A2LA
American Association for Laboratory Accreditation
EUROMET
European Collaboration in Measurement Standards
EUROLAB
A focus for analytic chemistry in Europe
EA
European Cooperation for Accreditation
EU
European Union; adopted by CEN and published as EN 13005.
       Moreover, the GUM has been adopted by NIST and most of NIST's sister national metrology institutes throughout the world, such as the National Research Council (NRC) in Canada, the National Physical Laboratory (NPL) in the United Kingdom, and the Physikalisch-Technische Bundesanstalt in Germany. 

       Most recently, the GUM has been adopted by the American National Standards Institute (ANSI) as an American National Standard. Its official designation is ANSI/NCSL Z540-2-1997 and its full title is American National Standard for Expressing Uncertainty--U.S. Guide to the Expression of Uncertainty in Measurement. This publication may be ordered directly from NCSL. 

       It is noteworthy that NIST's adoption of the GUM approach to expressing measurement uncertainty was done with considerable forethought. Although quantitative statements of uncertainty had accompanied most NIST measurement results, there was never a uniform approach at NIST to the expression of uncertainty. Recognizing that the use of a single approach within NIST instead of a variety of approaches would simplify the interpretation of NIST outputs, and that U.S. industry was calling for a uniform method of expressing measurement uncertainty, in 1992 then NIST Director J. W. Lyons appointed a NIST Ad Hoc Committee on Uncertainty Statements to study the issue. In particular, the Ad Hoc committee was asked to ascertain if the GUM approach would meet the needs of NIST's customers. The conclusion was that it most definitely would, and a specific policy for the implementation of the GUM approach at NIST was subsequently adopted. 
       NIST Technical Note 1297 (TN 1297, online in a pdf version or in an html version -- see the Bibliography for full citation) was prepared by two members of the Ad Hoc Committee, who also played major roles in the preparation of the GUM. (The policy, "Statement of Uncertainty Associated with Measurement Results," was incorporated in the NIST Administrative Manual and is included as Appendix C in TN 1297.) TN 1297 has in fact found broad acceptance. To date, over 40 000 copies have been distributed to NIST staff and in the United States at large and abroad -- to metrologists, scientists, engineers, statisticians, and others who are involved with measurement in some way. 

JCGM
       Most recently, a new international organization has been formed to assume responsibility for the maintenance and revision of the GUM and its companion document the VIM (see the Bibliography for a brief discussion of the VIM). The name of the organization is Joint Committee for Guides in Metrology (JCGM) and its members are the seven international organizations listed above: BIPM, IEC, IFCC, ISO, IUPAC, IUPAP, and OIML, together with the International Laboratory Accreditation Cooperation (ILAC). ISO/TAG 4 has been reconstituted as the Joint ISO/IEC TAG, Metrology, and will focus on metrological issues internal to ISO and IEC as well as represent ISO and IEC on the JCGM. Further information regarding the JCGM may be found at http://www.bipm.org/enus/2_Committees/joint_committees.html (NOTE: Space in URL is actually _). 

  


