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Basic Guidelines for Reporting Non-Clinical Data


[bookmark: _Toc6044247][bookmark: _Toc14781545]Abstract
Reporting experimental and assay results can occur in many different settings, including informal laboratory meetings, technical reports, collaborative interactions, updates to management groups and presentations at professional conferences. In order to convey the intended message and make a lasting impact, the data presented must be clear to the observer or reader. Understanding key concepts and methods for reporting data is also critical to preserve scientific findings. This chapter describes some basic guidelines for reporting non-clinical data with an emphasis on standard elements of graphs and tables and the use of these tools to describe data most appropriately. Several fundamental statistical and numerical descriptions such as significant digits, replicates, error and correlations are also included, as they constitute an integral part of communicating results. These guidelines form the foundation for non-clinical data reporting mechanisms, such as laboratory notebooks and reports. While these guidelines are general in nature and may not be inclusive of the requirements for publication within specific journals, they should provide a solid basis for reporting non-clinical data, independent of the presentation venue.


[bookmark: _Toc6044248][bookmark: _Toc14781546]Abbreviations
	AGM
	Assay Guidance Manual

	AUC
	area under the curve

	CRC
	concentration-response curve

	CV
	Coefficient of Variation

	EC50
	half-maximal effective concentration (relative or absolute, see AGM chapters on Assay Operations and Glossary for further definitions) (1-3)

	HTS
	high-throughput screening

	LLOQ
	lower limit of quantitation

	Log
	Log base 10 or Log10

	LsA
	limits of agreement

	MR
	mean ratio

	n
	number of replicates

	pEC50
	negative log EC50

	PK
	pharmacokinetics

	PMCC
	product moment correlation coefficient

	r
	Pearson’s correlation coefficient (equivalent to linear correlation coefficient)

	ρ
	correlation coefficient

	SD
	standard deviation

	SE
	standard error

	SEM
	standard error of the mean

	ULOQ
	upper limit of quantitation





[bookmark: _Toc6044249][bookmark: _Toc14781547]Overview
Representation of data in graphs and tables is a key part of any scientific experiment. Creating appropriate figures requires familiarity with constructing them as well as knowledge of the data. The ability to convey results with clarity and accuracy does not require special skills but following some common guidelines can be very helpful in describing the data. This chapter outlines steps to make figures an effective communication tool for the scientist with a focus on assay development and high-throughput screening (HTS) applications. Certain figure types, such as flow charts and process diagrams, are not discussed in this chapter.

When considering graphs or tables for publications, grants, regulatory reports, etc. consult with the appropriate journals or technical documentation available for any specific requirements.

The main types of graphs for summarizing scientific data that are used for assay development or the HTS field include bar graphs, line graphs, scatter plots, frequency distributions, scatter box plots and heat maps. Other graph types such as spider or radar plots, pie charts, Pareto diagrams, and area charts are used less frequently and are not specifically discussed in this chapter.

Allocating most of the “graph ink” to data and minimizing extraneous ”chart junk” should be the goal of any effective graph (4). With that in mind, the main elements of many graphs include a title, axis scale with tick marks, axes labels, data, and a symbol key. When the graph is to be used in a printed format, a caption or legend and footnotes may be added. These graph components, and how to make better graphs, have been described in the literature (5-9). In addition, several books are often cited when describing graphing methods (4,10). At least one paper offers a five principal tutorial on how to visualize data (11). This chapter highlights some of the key graphing basics and considers graphs that may be used during everyday informal presentations of non-clinical data. In addition, tables are also briefly discussed.

Proper statistical treatment of the data is essential and consulting with a statistician familiar in assay development and HTS applications is highly recommended. Otherwise it is the author’s responsibility to ensure that the statistical methods support the types of conclusions being drawn and that the statistical methods are appropriate to the data based upon data type, distribution (e.g. normal vs. log-normal), and study design. More details are available in the statistics chapters of the Assay Guidance Manual (12).

Before creating graphs and tables, one should understand the numerical and statistical concepts described below. These concepts have a pivotal role in conveying data efficiently and effectively.


[bookmark: _Toc14781548]Rounding to Decimal Places
During the collection and manipulation of primary data, data should not be rounded until the end, when one wishes to summarize and report the findings in a table, etc. When rounding to decimal places, numbers are rounded by removing digits from the rightmost, farthest side, or the value which falsely suggests a high degree of precision. When the digit to be removed (immediately to the right of the rounding digit) is 0, 1, 2, 3 or 4, the rounding digit is “rounded down”. Similarly, when the digit to be removed is 5, 6, 7, 8 or 9, the preceding rounding digit is “rounded up”. When eliminating multiple digits from the right of a rounded digit, round from the rightmost digit to the left, ensuring to capture any influence rounding carryover from preceding digits. See Table 1 for rounding examples which include these carryover conventions.
[bookmark: _Toc14781491]Table 1.  Rounding examples from thousands to three decimal places
	
	Rounding the Whole Number to:
	Rounding the Decimal Number to:

	Result
	Thousand
	Hundreds
	Tens
	Ones
	Tenths
	Hundredths
	Thousandth

	1234.1234
	1000
	1200
	1230
	1234
	1234.1
	1234.12
	1234.123

	2345.2345
	2000
	2300
	2340
	2345
	2345.2
	2345.24
	2345.235

	3456.3456
	3000
	3500
	3460
	3456
	3456.4
	3456.35
	3456.346

	4567.4567
	5000
	4600
	4570
	4567
	4567.5
	4567.46
	4567.457

	5678.5678
	6000
	5700
	5780
	5679
	5678.6
	5678.57
	5678.568



Although the authors subscribe to the common rounding rule which “rounds down” for digits less than 5 and “rounds up” for digits greater than 5, there are alternative “odd-even” rounding strategies for summarized values that have been published (13).


[bookmark: _Toc14781549]Rounding to Significant Digits
The number of significant digits or figures that are used to display a value is distinct from the number of decimal places that are used when expressing numbers. Demonstrating numerical expression consistency in tables, figures, legends, etc. is important when describing results and aids in the reporting and understanding of variability. 

The following basic rules are used for rounding with significant digits:
1. Non-zero digits are always significant
2. A zero or zeros between two significant digits are significant
3. Final or trailing zeros in a number with no decimal are not significant (e.g. 1020)
4. Leading zeros in the decimal portion of a number are not significant; whereas final trailing zeros in the decimal portion of a number are significant

Expressing numbers using scientific notation can provide a useful method to demonstrate the number of significant digits associated with a value. As shown in Table 2, the defined digits which are located before the exponent part of the scientific notation expression are significant:
[bookmark: _Toc14781492]Table 2.  Three significant digits for numbers viewed with scientific notation
	Number
	Scientific Notation
	# Significant Digits
	Significant Digits

	1020
	1.02 x 103
	3
	1,0,2

	102
	1.02 x 102
	3
	1,0,2

	10.2
	1.02 x 101
	3
	1,0,2

	1.02
	1.02 x 100
	3
	1,0,2

	0.102
	1.02 x 10-1
	3
	1,0,2

	0.0102
	1.02 x 10-2
	3
	1,0,2

	0.00102
	1.02 x 10-3
	3
	1,0,2



As shown in Table 3, the number of significant digits for result values of different magnitudes (from 1 to 4), is depicted.
[bookmark: _Toc14781493]Table 3.  The number of significant digits from one to four for several examples.
	
	
	Result with indicated # of Significant Digits

	Result
	Scientific Notation
	1
	2
	3
	4

	0.1234
	1.234 x 10-1
	0.1
	0.12
	0.123
	0.1234

	1.234
	1.234 x 100
	1
	1.2
	1.23
	1.234

	12.34
	1.234 x 101
	10
	12
	12.3
	12.34

	123.4
	1.234 x 102
	100
	120
	123
	123.4

	1234
	1.234 x 103
	1000
	1200
	1230
	1234




[bookmark: _Toc14781550]Presenting Rounded Data in Tables
When preparing summarized data tables, all result values should be expressed with the same number of significant digits. Once the desired number of significant digits has been established for the result value, use the same number of decimal places in the variability measurement (e.g. SD, SEM) (Table 4, Data Set 3).

Consider the summary presented in Table 4 that represents typical data generated for compound testing results and the associated error. Each data set in the table is discussed below.

Data Set 1: Each Result Value and the paired statistical measurement (SEM) are expressed with the same number of decimal places, in this case three. Note that the table is cumbersome when values range several magnitudes and the number of significant digits is variable.

Data Set 2: All Result Values have the same number of decimal places (three) with the paired statistical measurement (SEM) also having the same number of decimal places (three). Once again, the number of significant digits expressed for the result value is variable with anywhere from 2-7 significant digits. Summary tables with values and error like those shown are often seen when results are obtained from a database query with a set number of decimal places for the results.

Data Set 3: All Result Values are shown with the same number of significant digits (three in this example). The paired statistical measurement (SEM) has the same number of decimal places as the result value. This is the preferred method of expression for results and error. If results are obtained from a database query, there may be some manipulation required with either the result value or the error.
[bookmark: _Toc14781494]Table 4.  Expression of Result Values and Error in a Data Summary Table
	
	Data Set 1
	Data Set 2
	Data Set 3 (preferred)

	
	Each Result Value and paired SEM have the same number of decimal places
	All Result Values and all paired SEM have the same number of decimal places (three)
	Same number of Significant Digits for all Result Values; same number of decimal places for paired SEM

	Compound
	Result Value
	SEM
	Result Value
	SEM
	Result Value
	SEM

	1
	0.0410
	0.0067
	0.041
	0.007
	0.0410
	0.0067

	2
	2114.4
	101.6
	2114.437
	101.642
	2110
	102

	3
	2635
	238
	2635.146
	238.178
	2640
	238

	4
	389.3
	35.2
	389.358
	35.261
	389
	35

	5
	0.188
	0.008
	0.188
	0.008
	0.188
	0.008

	6
	1430.5
	100.2
	1430.561
	100.263
	1430
	100




It is common practice to express assay results in summarized tables to two or three significant digits, but this can depend on the actual or perceived error associated with the process used in generating the result values. These error statistics (SD and SEM) are discussed further in a subsequent section.

Finally, expressing results using negative log transformations (e.g. pIC50, pKi, etc.) provide consistency in keeping all result values to the same number of significant digits. The concept of using negative log-transformed result values is discussed later in this chapter.


[bookmark: _Toc14781551]Logarithms
The logarithm (or log) of a number is the exponent that indicates the power to which another number (the base) is raised to produce the initial number. The “common” log or base-10 log is essentially the only one used in assay and screening applications and will be discussed exclusively in this chapter. The log base-10 (Log10) of a number (n) can be described as shown in the equation below:


[bookmark: _Toc14781504]Equation 1. Base 10 Logarithm


where 10 is the base and a is the exponent or power to which the base is raised. For example, the base 10 log of 1000 is 3, since 10 raised to the power of 3 (or 103) is 1000. When the base is not indicated it means log base 10, by convention. Table 5 shows some log10 values of several numbers.
[bookmark: _Toc14781495]Table 5.  Log10 values of several numbers
	Value
	Log10

	1
	0

	10
	1

	100
	2

	1000
	3

	842
	2.93

	35
	1.54

	0.1
	-1

	0.01
	-2

	0.001
	-3




Note that the log can be positive, negative or zero. However, log 0 is undefined since no number raised to the power of another number results in zero.

The antilog is the inverse log function. For instance, the antilog of -2 is 10-2 or 0.01. Software programs such as Microsoft Excel and others easily calculate log and antilog values using built in functions.

Additional information regarding the use of log values (geomean, pEC50, etc.) can be found elsewhere within this chapter. In addition, the rounding rules described above apply to log values as well. 

[bookmark: _Toc14781552]Statistical Descriptors/Metrics
[bookmark: _Toc6044254][bookmark: _Toc14172861][bookmark: _Toc14781553]Arithmetic Mean
The mean (referred to as arithmetic mean) is the average of all results. To calculate the mean, add up all the result values in the data set and divide the sum by the number of values (n).


[bookmark: _Toc6044255][bookmark: _Toc14172862][bookmark: _Toc14781554][bookmark: _Hlk14171572]Geometric Mean
Use the Geometric Mean or Geomean when averaging data that have been calculated from log-normal values. The most common result types to which this often applies are potencies, affinities or inhibition constants (e.g. EC50, IC50, Ki, etc.) that have been determined from concentration response curves. The equation to calculate the Geomean for an EC50 is shown below:

[bookmark: _Toc14781505]Equation 2: Geometric Mean



[bookmark: _Toc14172863][bookmark: _Toc14781555]Median
The median is the middle value of all results in a ranked list. Half of the numbers in the data set will be above the median and half the numbers will be below the median. To calculate the median, rank order the result values in the data set (in ascending order) and determine the middle value. When there is an odd number of results, the median is the middle value. When there is an even number of results, the median is the average between the two middle values.


[bookmark: _Toc14172864][bookmark: _Toc14781556]Examples for Arithmetic Mean, Geometric Mean and Median
The following examples serve to demonstrate the difference between and use of arithmetic and geometric means as well as median values.

The arithmetic mean and the median for three different sets of numbers are compared in Table 6:
[bookmark: _Toc14781496]Table 6.  Arithmetic mean and median for three sets of numbers.
	Result Values
	Number of Results (n)
	Arithmetic Mean
	Median

	18
	3
	25
	26

	26
	
	
	

	31
	
	
	

	18
	4
	27.5
	28.5

	26
	
	
	

	31
	
	
	

	35
	
	
	

	15
	5
	27
	31

	18
	
	
	

	31
	
	
	

	35
	
	
	

	36
	
	
	




A key concept is that the mean of a data set can be influenced by outliers, whereas the median is relatively resistant to outliers and is a more robust statistic when several values exist. Consider the example shown in Table 7 where a few values cause the elevated mean.
[bookmark: _Toc14781497]Table 7.  Effect of an outlier on the arithmetic mean and median.
	Result Values
	Number of Results (n)
	Arithmetic Mean
	Median

	16
	7
	53
	22

	18
	
	
	

	20
	
	
	

	22
	
	
	

	45
	
	
	

	72
	
	
	

	180
	
	
	




Note: many of the parameters discussed in the AGM chapter on Assay Operations for SAR Support (1) refer to using the median instead of the mean.

Table 8 shows the geometric and arithmetic mean for several different sets of result values:
[bookmark: _Toc14781498]Table 8.  Geometric mean and arithmetic mean for different sets of result values.
	Result Values
	Geometric Mean
	Arithmetic Mean

	4, 6, 9, 10, 12
	7.6
	8.2

	123, 219, 228, 198, 267
	201
	207

	0.25, 0.67, 0.17, 0.46, 0.91
	0.41
	0.49

	2, 2, 2, 2, 2
	2
	2

	1, 10, 100
	10
	37




The geometric mean is always less than the arithmetic mean unless all the result values are the same.


[bookmark: _Toc6044258][bookmark: _Toc14781557]Standard Deviation and Standard Error of the Mean
Two statistical quantities that are often (incorrectly) used interchangeably are SEM and SD (14,15). SD is defined as:

[bookmark: _Toc14781506]Equation 3: Standard Deviation


where s represents SD, X represents each data point,  represents the arithmetic mean of the population, and n represents the number of data points

The SD describes the variation, or dispersion, in measurements relative to the population mean. By contrast, SEM is defined as:

[bookmark: _Toc14781507]Equation 4: Standard Error of the Mean


where  represents SEM, s represents SD, and n represents the number of data points

The SEM describes the probability that the measured mean is different from the population mean. With increasing sample size (assuming constant deviation in measurement), the SEM will approach zero.

SD and SEM represent very different concepts. The SD describes the distribution of individual data points around a mean, while the SEM describes the precision of the mean estimate.

When presenting data, figure legends should explicitly state whether the error bars represent the SD or SEM, as well as the number and type of replicates. Since SEM is always smaller when compared to SD in replicate measurements, we find that SEM is often plotted, presumably to imply less variation in the data. SD should be plotted when trying to convey the variation in the data, while SEM should be plotted when trying to convey the differences in means. In addition, with small data sets, plotting the individual replicates tends to be the best way to demonstrate the variability in the results in a manner universally understood.

Consider the following three examples in Figure 1 for a concentration-response curve (CRC) where the same data is plotted with SD, SEM, or individual run values at each concentration:

[image: ]
[bookmark: _Toc14781513]A CRC (n = 3 inter-run replicates) is plotted with the error bars representing the SD (A) or SEM (B). In (C), all three independent values at each concentration are shown as data points on the graph. For A and B, the data points on the graphs are shown as the median of the independent data values from the three runs.
Figure 1. Concentration-response curve plotted with error.

[bookmark: _Toc6044259][bookmark: _Toc14781558]Confidence Interval
A confidence interval, computed from the statistics of the observed data, is an estimated range that is likely to contain the unknown parameter. For instance, the 95% confidence interval is a range of values that one can be 95% certain contains the true mean of the estimated parameter. The confidence interval for an estimated parameter is the estimate of that parameter plus or minus the quantile corresponding to the desired confidence level from the appropriate distribution (e.g., normal, t, chi-squared, etc.) times the standard error of the estimate. When the distribution is approximately normal, the confidence interval for a sample mean is given by Equation 5:

[bookmark: _Toc14781508]Equation 5. Confidence Interval


where  is the standard error of the mean, as defined above, and  is the quantile from the Student’s -distribution corresponding to the desired confidence level and sample size. For example, , for 95% confidence and a sample size of 10 (9 degrees of freedom).


[bookmark: _Toc14781559]Example of Methods to Plot the Same Data
An example presented in an article that was published in four separate journals shows a set of data visualized using a scatter plot, box-and-whiskers, median and quartiles, mean ± SD, mean with confidence interval (see section below) and mean with SEM (16-19). To display variability, the author suggests showing raw data, the box-and-whisker plot, median and quartiles, or mean ± SD as the most effective methods. Using these principles, Figure 2 shows all five of these plots representing data for a control compound in an assay performed over a period of time. It demonstrates the impact of each method and the resulting message about variability or error being conveyed. The scatter plot, showing all data points, is typically the preferred format, particularly with many journals.

[image: ]
[bookmark: _Toc14781514]The activity for an assay control compound from several different runs is plotted on the y-axis using different methods for expressing the variability. (A) Scatter plot showing all of the data values used, with the median indicated by the red line; (B) Box and whiskers plot, showing the range of data with the median indicated by the line; (C) Median and quartiles; (D) Mean with error bars (1 SD); (E) Mean with 95% confidence interval; (F) Mean with standard error of the mean. Adapted from reference (17).
Figure 2. Summarized result for an assay control compound using six different methods.

Note that the box-and-whisker plot shows the distribution of a set of data by drawing a box (rectangle) that spans from the first to the third quartile, with a line at the median. The whisker on each end extends either to the most extreme data value or to a distance that is 1.5 times the interquartile range (IQR = third quartile – first quartile) from the end of the box, whichever is shorter. Data values that are more extreme than 1.5 times the IQR are plotted as individual points.


[bookmark: _Toc6044260][bookmark: _Toc14781560]Signal-to-Noise (S/N or SNR), Signal-to-Background (S/B) and Z’-Factor

The Signal-to-Noise Ratio (SNR or S/N) can be defined as the ratio of the mean signal (s) to the standard deviation of that signal (s). Although the S/N parameter incorporates signal variability, it only evaluates one signal in the assay. Typically, assays are optimized with controls that provide biologically relevant high and low signals that together define the dynamic range. The S/N ratio evaluates only one of the two relevant signals and thus does not allow the overall assay quality to be evaluated. In Figure 3 S/N values are given for high and low assay controls in panels A-D. The S/N values are highest for the two signals in panel A due to the low variability.

[bookmark: _Toc14781509]Equation 6: Signal to Noise Ratio (SNR or S/N)


The S/N is the reciprocal of the coefficient of variation (CV) which is a measure of precision relative to the mean. The coefficient of variation is often expressed as percent. Percent CV values are indicated for both high and low controls in the panels of Figure 3. The high and low controls of panel A have the lowest %CV values in Figure 3 due to the low variability among data points. Alternatively, and to address the limitations noted above, S/N is sometimes defined as the ratio of the difference between high and low signals of the controls and the total variability of the signal from the controls. The “controls” here refer to whatever reflects the dynamic range of the assay signal; for example, they may be the positive control (at high concentration) and negative control (background), presence and absence of enzyme, etc. 

[bookmark: _Toc14781510]Equation 7: Coefficient of Variation (CV)


The Signal-to-Background Ratio (S/B) is defined as the ratio of the high control mean signal (HS) to the low control mean signal (LS). While this metric is useful for describing the assay dynamic range, it does not incorporate the variability of the high (HS) or low (LS) signals. An assay with a reasonable S/B value can still be of poor quality if the variability of either signal or both are high. An example is provided in Figure 3D, which shows high variability among both high (%CV = 23) and low (%CV = 37) controls.

[bookmark: _Toc14781511]Equation 8: Signal to Background Ratio (S/B)


The Z’-Factor (20) is considered the best metric to describe assay quality because it incorporates the mean values of both high (HS) and low (LS) control signals as well as their variabilities (HS and LS, respectively). The Z’-factor value approaches 1 (an ideal assay) as the signal variabilities approach zero or as the dynamic range approaches ∞. An assay with a Z’-factor value above 0.5 is considered excellent. Below 0.5, the assay quality is considered progressively lower quality as the Z’-factor value approaches zero or becomes negative. Screening is essentially impossible when the Z’-factor value is less than zero. The data shown in Figure 3 panels A-D have progressively higher variability as demonstrated by the CV values. Notably, the best quality assay is shown in panel A (Z’ = 0.89), despite the modest dynamic range (S/B = 3.2). The low variability among both high and low controls is the primary driver of the excellent assay quality in this case. At the other extreme is the data in panel D, which has a Z’ value of 0, despite having an S/B value more than 2-fold higher than that of panel A.


[bookmark: _Toc14781512]Equation 9: Z’-Factor



[image: ]
[bookmark: _Toc14781515]Assays with varying data quality are shown with calculations of associated parameters. Solid lines represent mean signals and dashed lines represent 3 SD of the mean. (A) A high-quality assay has clear separation between high (HS) and low (LS) mean signals as well as low variability (HS and LS, respectively). Although the assay dynamic range can be considered modest (S/B = 3.2), the low variability of high and low signals (%CV = 1.4 and %CV = 3.4, respectively) results in an excellent Z’-factor value of 0.89. The low variability of the high signal results in a large S/N value of 73. (B) Despite the greater variability in the high signal (%CV = 6.5) compared to (A) that results in a lower S/N value of 15 (compared to 73), this assay has a larger dynamic range (S/B = 13), resulting in a similarly high Z’-factor value of 0.72. (C) Compared to (B), this assay has approximately 2-fold higher variability for the high signal than (%CV = 11 versus %CV = 6.5), with similar variability in the low signal. This results in lower values of S/N, S/B and Z’-factor. (D) Among the four assays, this assay has the highest variability in both high and low signals. Although the S/B value is not substantially lower than that in (C), the high variability results in low S/N and a Z’-factor near zero.
Figure 3. Commonly used metrics to describe features of assays, including S/N, CV, S/B and Z’-Factor.


[bookmark: _Toc6044256][bookmark: _Toc14781561]Replicates
There has been considerable focus on irreproducible research in science, identifying the issue as a crisis (21,22). Most journals have revised guidelines to address reproducibility within their respective submissions. However, there remains confusion around the definitions of basic scientific terms associated with reproducibility including replicates and repeats (23). Vaux et al. stated several fundamental principles related to statistical design with a focus on replicates and that replicates alone do not provide evidence of reproducibility (24). In addition, different disciplines (biology, chemistry, and statistics) may have different meanings for these terms, which adds to the confusion when involved in multi-functional projects or groups.

To minimize confusion and for the purposes of this chapter and the AGM, we define replicates (technical, independent and inter-run) as they apply to in vitro assay development and HTS disciplines. The definitions are followed by some specific examples. Keep in mind that these definitions may differ among various journals or funding agencies.

Technical replicates are measurements of the same sample occurring within a single run or experiment. Technical replicates can help to identify within-sample variation but are dependent replicates due to being tested under the same conditions. Technical replicates could be on the same plate or on different plates within the experiment, depending on the variability being assessed.

Independent replicates are measurements of distinct preparations of the same samples occurring within a single run or experiment. Comparison of enzyme lots or multiple batches of independently cultured and treated cell preparations are examples of independent replicates for in vitro assays. For the best estimate of between sample variations, independent replicates should be on the same plate to minimize the contribution of additional sources of error (e.g. between plate variation). If sample capacity of the plate is limited and multiple plates are required for the study, multiple independent replicates can be randomized to multiple plates with multiple technical replicates per plate.

Inter-run replicates are measurements of the same or different sample(s) across multiple runs or experiments. A compound tested in a CRC on three different days represents inter-run replicates. Each of the runs or experiments should have the same assay conditions and reagents.

Depending on the experimental design, the greater the number of measurements, the better the estimate of variation, and the better the estimate of the mean.

When presenting data, it is important to provide the number and type of replicates (24-26) and to include them in the figure legend. For written work, scientists should consider providing a statement in the experimental methods defining the nature of their technical, independent or inter-run replicates. In general, sample variation may be greater in magnitude than technical variation. The optimal type and number of replicates depends on the scientific question and the experimental methods.

In practice, the distinction between technical, independent and inter-run replicates is not always straightforward. For example, with cell-free/biochemical assays, one approach to modeling variation would be to utilize independently synthesized reagents (e.g., enzymes), though in practice this is either impractical or counter-productive (i.e., in the case of HTS where one is attempting to minimize imprecision). Steps can be taken to mitigate batch-to-batch variation in the context of large scale experiments, for example through the use of batch pooling strategies, which is described further in the AGM Chapter on Validating Identity, Mass Purity and Enzymatic Purity of Enzyme Preparations (27).

Consider the following examples describing typical assay or screening experiments and the type of replicates that would result from each format:

· Example 1. A compound is tested for inhibition of enzyme X in a 384-well microplate. Three concentration-response curves for this inhibitor are tested on the same plate, with compounds and reagents derived from the same stock solutions and tested at the same time. Variation in this experimental setup would be random, so the best description would be n = 3 technical replicates. Determine an average value at each concentration (mean or median, depending on the variability) and fit a single concentration-response curve for the entire data set. Preferably, fit all individual replicates using the curve fitting routine.

· Example 2. A compound is tested for inhibition of enzyme X in a 96-well microplate. One concentration-response curve for this inhibitor is tested on the same plate. Each well is measured ten times with a plate reader. Variation in this experimental setup would be random, so the best description would be n = 10 technical replicates. In this case, unless the detection methodology is not very robust, this would probably constitute a poor choice of replication.

· Example 3. A compound is tested for inhibition of enzyme X in a 384-well microplate. Three concentration-response curves for this inhibitor are tested on different plates, with compounds and reagents derived from the same stock solutions and tested at the same time. Variation in this experimental setup would still be random, so the best description would be n = 3 technical replicates. The most appropriate approach for data analysis is to fit each curve independently and then report the average or geomean of the potency values with variability.

· Example 4. A compound is tested for inhibition of enzyme X in a 384-well microplate. Three concentration-response curves for this inhibitor are tested, with compounds and reagents derived from the same sources, but tested on different days. These would be classified as inter-run replicates, since the same samples were tested, but in different runs. Therefore, n = 3 inter-run replicates. The most appropriate approach for data analysis is to fit each curve independently and report the mean and associated error of the results (e.g. EC50)..

· [bookmark: OLE_LINK3]Example 5. A compound is tested for inhibition of enzyme X in a 384-well microplate. Three concentration response curves are prepared for the inhibitor. Each curve is tested with a separate lot of enzyme from Vendor Y. All three curves are run on the same day, on the same plate. This would be an example of independent replicates, n = 3 independent replicates. Including technical replicates (multiple aliquots of the same enzyme) would help to determine if between sample differences are greater than the within sample variation. Determine a single response curve for each enzyme lot.

· Example 6. A compound is tested for inhibition of enzyme X in a 384-well microplate. Three concentration response curves are prepared for the inhibitor. Each curve is prepared with a completely independent synthesis of the compound, i.e. each is a unique lot or batch. All three curves are run on the same day, on the same plate. This would be an example of independent replicates, n = 3 independent replicates. Determine a single response curve for each compound lot.

Figure 4 shows example curves that might be associated with data for technical replicates (4A), independent replicates (4B) and inter-run replicates (4C).
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[bookmark: _Toc14781516]<?escape?>(A) Three independently-prepared concentration-response curves (from the same compound stock) were tested on the same plate within a single experiment. This represents technical replicates (n = 3). Data points are the median result values with error bars indicated as SD. (B) Enzyme progress curves for four different lots of enzyme all tested within the same experiment. This represents independent replicates (n = 4). In this example, each lot was tested only once, so there were no technical replicates associated with the data. (C) Three independent saturation-binding experiments were performed on different days. All assay conditions and reagents were identical for each of the three runs. Within each run, there were three replicates for each concentration tested. This example represents inter-run replicates (n = 3) with n = 3 technical replicates within each run. Error bars represent SD.
Figure 4. Comparison of technical replicates, independent replicates, and inter-run replicates.

There are no standard guidelines for how to treat technical versus independent replicates, and in practice it will depend on the scientific question and sources of error. In a system with both technical and independent replicates, if there is significant biological error, then it may be useful to analyze independent replicates (with any associated technical replicates) separately. In such a case of significant biological error, the source should be investigated or explicitly addressed.

A related concept is the number of independent experiments or inter-run replicates required to understand the variation of a process or an assay, which has been described for assay validation studies (28). Again, the definition of a truly “independent” experiment may not always be straightforward. Independent experiments are typically performed on separate days using reagents that originate from the earliest possible source (enzyme stock, cell line stock, etc.).

There is not a consensus for the number of individual technical/independent replicates or independent experiments (inter-run replicates) required to understand the variation of a process or an assay. Several factors (time, reagent cost, etc.) may limit the number of practical replicates that can be conducted. In addition, journals may have their own guidelines on the number of replicates required for acceptable publications. Consider these factors with any study and consult a statistician to ensure an adequate level of replication.

Be cautious when terms such as “duplicate”, “triplicate” or “quadruplicate” measurements are being used and be sure that the meaning of these terms is clearly understood. It can be very confusing when reading figure legends in publications, since there are so many variations on how to write up technical replicates, independent replicates and inter-run replicates, etc. Some examples from a few issues of the same journal are shown below. These examples represent the difficulty in interpretation that can happen when there are no standards or consistency.

· Plotted is the mean of triplicate reactions
· Data points represent the mean of triplicate measurements
· Data are mean ± SEM for 16 replicates
· [bookmark: OLE_LINK5]Data are expressed as means ± SD of a representative experiment performed in quadruplicate out of three independent experiments.
· Data points represent the mean ± SD (n = 3) of three independent experiments.
· Shown are representative figures for n = 3 independent experiments
· Data shown are the mean ± SD; n = minimum of 2 wells
· Data points represent the mean and standard deviation of three independent replicates.

These definitions and guidelines presented for technical replicates, independent replicates, and inter-run replicates may help in interpreting and understanding data. It is important to provide additional information on replicates such as whether the replicates came from the same or independent sample stock, plates, experimental runs or from multiple runs. For example, simply stating that the “data represents 16 replicates” is not useful. An example of a representative legend can be found in the Figure Legends section of this chapter. In addition, a couple of direct examples from a journal that has figure legends that fully describe the data points and error in graphs are shown below:

· Concentration-response curves, fitted according to the Hill equation, are shown for three technical replicates from the same assay plate. Error is represented by SD.
· Results are expressed as the geometric mean of 5 independent measurements all made on separate days. Error = SD.

[bookmark: _Toc6044257][bookmark: _Toc14781562]Random and Systematic Error
This section describes random and systematic error. Understanding the type of error that may exist in an assay is an important counterpart to experiment replication and the assessment of variability in an assay.

Random errors are unpredictable and have no defined pattern. Random errors are fluctuations that are not replicated in subsequent experiments. Sources of random error may include the precision limitations of detection or liquid handing instrumentation, changing temperatures in a laboratory and fluctuations in the assay methods. An example of random error is measuring the same sample in an instrument with three different result values. As described above, technical or biological replicates can provide an estimate of variation for understanding random error within an assay. Another example of random error occurs when measuring radioactive experiments such as scintillation proximity assays or SPA as described in the AGM chapter Receptor Binding Assays for HTS and Drug Discovery (29). The variability associated with random error from radioactivity can be reduced by increasing the read time (30).

Systematic errors are persistent (unless addressed) and can be associated with instrumentation, technique or the experimental design itself. An improperly calibrated instrument can lead to constant variation. Often systematic error results in values that are proportional or scaled to the true value. Examples of systematic error in HTS can include an incorrect wavelength setting/emission filter on a detector, faulty liquid and compound dispensing instrumentation, positional effect within a detector (31), time drift in a stack of microplates being read, and edge effects associated with evaporation. Systematic errors may be difficult to identify, but a thorough knowledge of equipment and the experimental methods being used are a critical part of detecting and minimizing the effects. One group has written extensively about minimizing the impact of systematic errors in HTS data (32-35) including those associated with assay-specific and plate-specific spatial biases (36).

Some examples of plate drift and spatial effects, which are systematic errors, are shown in the HTS Assay Validation chapter of the AGM (28).


[bookmark: _Toc14781563]Correlation of Data

[bookmark: _Toc6044261][bookmark: _Toc14781564]Pearson’s Correlation
Pearson’s correlation measures the strength of the linear relationship between two sets of variables and is therefore equivalent to a linear correlation. An underlying assumption is that both variables are normally distributed (bell-shaped, symmetrical distribution of data). Only extreme or obvious departures from this assumption are problematic. Other names for Pearson’s correlation include product moment correlation coefficient (PMCC) and Pearson’s r. Pearson’s correlation returns a value (the correlation coefficient, r) between -1 and 1 where:

r = -1 indicates a perfect negative linear relationship
r = 1 indicates a perfect positive linear relationship
r = 0 indicates no linear relationship

The larger the absolute value of the correlation coefficient, the stronger the linear relationship. The meaning of the correlation coefficient size varies in the scientific literature, but one suggested range (37) is shown in Table 9.
[bookmark: _Toc14781499]Table 9.  Meanings for Pearson’s correlation coefficient from Reference (37).
	Absolute size of correlation
(positive or negative)
	Interpretation of correlation

	0.90 to 1.00
	Very high correlation

	0.70 to 0.90
	High correlation

	0.50 to 0.70
	Moderate correlation

	0.30 to 0.50
	Low correlation

	0.00 to 0.30
	Negligible correlation





The correlation coefficient number alone is not adequate for demonstration of statistical relevance. Different patterns of Y vs X relationships can have the same correlation coefficient (11,38) as shown in Figure 5. Therefore, it is always important to plot the data for any reported correlation and consult with a statistician if the resulting correlation coefficient does not match an expected visual representation of the data.
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[bookmark: _Toc14781517]All the graphs shown have Pearson correlation coefficients equal to 0.7. The example in graph 6 is the one most typically perceived when the correlation coefficient is 0.7. (Reprinted from (38) with permission.)
Figure 5. Example plots of 8 different data sets with the same Pearson correlation coefficient value (r=0.7).

[bookmark: _Toc6044262][bookmark: _Toc14781565]Spearman’s Correlation
Spearman’s correlation is a nonparametric approach to correlation, which means the variables are not assumed to have a normal distribution. It measures the strength of the rank-ordered relationship between two variables. Computationally, Spearman’s correlation is the linear correlation of the ranks of each variable. That is, the values for each variable are separately assigned ranks 1 to n, and Spearman’s correlation is calculated on the ranks. The result is a value (the correlation coefficient, ρ) between -1 and 1 and can be interpreted in a similar fashion to Pearson’s correlation shown in Table 9. 

[bookmark: _Toc6044263][bookmark: _Toc14781566]Correlation Example
This subsection describes a common analysis made in the drug discovery process using the correlation concepts described in the previous sections.

Consider the EC50 results in Table 10 for two cell-based assays associated with different species, Assay 1 and Assay 2. The goal of the analysis is to determine whether there is a correlation between the performance of the two assays, such that one assay could be used for predictive purposes over the other assay, if needed.
[bookmark: _Toc14781500]Table 10.  EC50 values for two cell-based assays used for correlation analysis.
	
	EC50, nM

	Compound
	Assay 1
	Assay 2

	1
	0.33
	0.29

	2
	0.41
	0.74

	3
	0.52
	0.24

	4
	0.83
	0.42

	5
	1.1
	1.2

	6
	1.2
	0.68

	7
	1.6
	1.9

	8
	2.2
	1.2

	9
	2.5
	2

	10
	3
	4

	11
	6
	2

	12
	7
	6

	13
	11
	12

	14
	16
	7

	15
	19
	22

	16
	25
	8

	17
	26
	18

	18
	30
	27

	19
	35
	12

	20
	40
	1




Performing a linear regression using GraphPad Prism software with the data yields the graph in Figure 6 and the Pearson’s correlation coefficient (r = 0.62). The x-axis is a linear scale.
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[bookmark: _Toc14781518]EC50 values in nM (from Table 10) determined from two different CRC assays were plotted on a linear x-axis (Assay 1) and a linear y-axis (Assay 2). Shown is the regression line (solid line) determined from the analysis along with the line of identity (dashed line, defined as unity or x=y). The Pearson’s correlation coefficient is r=0.62.
Figure 6. Linear correlation using EC50 values.

Note that the data points are tightly clustered at the lower end of the regression line. Pearson’s correlation for such highly clustered data would give disproportionately higher weight to a few data points. Since the potency data was originally derived from nonlinear regression of log-transformed concentrations (x-axis), using log transformed potency values would be the correct method for determining correlations. The use of a log transformation on potency values provides a symmetric (approximately normal) distribution, and thus all points would more equally contribute to the calculated value of Pearson’s correlation. It is recommended to perform the log transformations of the potency values using the molar scale to avoid issues with negative and positive log values in the same scale. Furthermore, some scientists prefer to express the data in terms of the negative log10 EC50 using molar units, which is referred to as pEC50 in the literature. The same correlation coefficient will be obtained whether using log-transformed or pEC50 values. The data in Table 10 are now updated in Table 11 to include the results in terms of log10 EC50 (Molar) and pEC50.
[bookmark: _Toc14781501]Table 11.  Results for Assay 1 and Assay 2 in Table 10 converted to Log EC50 and pEC50 values.
	
	EC50, nM
	EC50, Molar
	Log EC50 Molar
	-Log Molar = pEC50

	#
	Assay 1
	Assay 2
	Assay 1
	Assay 2
	Assay 1
	Assay 2
	Assay 1
	Assay 2

	1
	0.33
	0.29
	3.3E-10
	2.9E-10
	-9.48
	-9.54
	9.48
	9.53

	2
	0.41
	0.74
	4.1E-10
	7.4E-10
	-9.39
	-9.13
	9.38
	9.13

	3
	0.52
	0.24
	5.2E-10
	2.4E-10
	-9.28
	-9.62
	9.28
	9.62

	4
	0.83
	0.42
	8.3E-10
	4.2E-10
	-9.08
	-9.38
	9.08
	9.37

	5
	1.1
	1.2
	1.1E-09
	1.2E-09
	-8.96
	-8.92
	8.95
	8.92

	6
	1.2
	0.68
	1.2E-09
	6.8E-10
	-8.92
	-9.17
	8.92
	9.16

	7
	1.6
	1.9
	1.6E-09
	1.9E-09
	-8.80
	-8.72
	8.79
	8.72

	8
	2.2
	1.2
	2.2E-09
	1.2E-09
	-8.66
	-8.92
	8.65
	8.92

	9
	2.5
	2
	2.5E-09
	2.0E-09
	-8.60
	-8.70
	8.60
	8.69

	10
	3
	4
	3.0E-09
	4.0E-09
	-8.52
	-8.40
	8.52
	8.39

	11
	6
	2
	6.0E-09
	2.0E-09
	-8.22
	-8.70
	8.22
	8.69

	12
	7
	6
	7.0E-09
	6.0E-09
	-8.15
	-8.22
	8.15
	8.22

	13
	11
	12
	1.1E-08
	1.2E-08
	-7.96
	-7.92
	7.95
	7.92

	14
	16
	7
	1.6E-08
	7.0E-09
	-7.80
	-8.15
	7.79
	8.15

	15
	19
	22
	1.9E-08
	2.2E-08
	-7.72
	-7.66
	7.72
	7.65

	16
	25
	8
	2.5E-08
	8.0E-09
	-7.60
	-8.10
	7.60
	8.09

	17
	26
	18
	2.6E-08
	1.8E-08
	-7.59
	-7.74
	7.58
	7.74

	18
	30
	27
	3.0E-08
	2.7E-08
	-7.52
	-7.57
	7.52
	7.56

	19
	35
	12
	3.5E-08
	1.2E-08
	-7.46
	-7.92
	7.45
	7.92

	20
	40
	1
	4.0E-08
	1.0E-09
	-7.40
	-9.00
	7.39
	9.00




The linear regressions using the Log10-transformed EC50 values (Molar) or the pEC50 values from Table 11 are shown in Figures 7A and 7B.
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[bookmark: _Toc14781519]<?escape?>(A) EC50 values (Molar) determined from two different CRC assays (Table 11) were Log10-transformed and plotted on a log-transformed linear x-axis (Assay 1) and a log-transformed linear y-axis (Assay 2). (B) A similar plot was created using pEC50 values (-Log Molar) for Assay 1 and Assay 2. Shown in both plots are the linear regression line (solid line) and the line of identity agreement, x=y (dashed line). Note that the correlations are mirror opposites, since the pEC50 (Plot B) is the -Log Molar EC50 (Plot A). The Pearson’s correlation coefficient is 0.83 in both plots.
Figure 7. Linear correlation using Log10 transformed EC50 and pEC50 values.

The Pearson’s correlation coefficient for this example is now 0.83, and adequately displays the linear relationship between the two assays, since the data points are more evenly dispersed across the data range on the log-transformed linear scale.

To determine Spearman’s correlation coefficient for this example, the compound result values (either EC50 or log transformed) are ranked for each assay from one-to-n. The analysis can be performed in GraphPad Prism, JMP, or another suitable statistics software. Figure 8 shows a plot of the ranks for each assay. Spearman’s  is 0.80 for this data set.

[image: ]
[bookmark: _Toc14781520]Spearman’s correlation coefficient for ranked data from Table 10,  = 0.80.
Figure 8 Plot of the ranked values for each assay in Table 10.

[bookmark: _Toc14781567]Concordance Correlation Coefficient
Another parameter that will be useful to evaluate and report for comparing variables that are expected to yield identical results is the Concordance Correlation coefficient (39). This correlation measures the degree of agreement between the values of two variables in relation to the 45-degree line (line of agreement). Mathematically, it is approximately equivalent to first evaluating the Pearson’s correlation, which measures the degree of closeness of the values to the best straight line (least-squares regression line), and then penalizing this correlation value based on the degree of the departure of this best straight line from the 45-degree line. Therefore, the Concordance Correlation value can never be greater than the Pearson’s correlation value. This calculation is also available in the Replicate-Experiment analysis Excel template referenced below.


[bookmark: _Toc14781568]Agreement Between Two Variables
If the interest is more in assessing the agreement between two variables, then the Bland-Altman method (40) demonstrated in the Replicate-Experiment template available in the Replicate-Experiment Study section of the AGM chapter on HTS Assay Validation (28) could be used, followed by correlation assessments. Examples of such scenarios include comparison of two assays that are expected to give similar results, comparison of results from the same assay from different laboratories or assay reagents. From this analysis, additional information such as the limits of agreement (LsA), mean ratio (MR), minimum significant ratio (MSR), and other statistical parameters are estimated. 

The Replicate-Experiment analysis for the data in Table 10 is shown in Figure 9.
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[bookmark: _Toc14781521]Results from the Replicate-Experiment template available in the AGM for the comparison of Assay 1 and 2 data obtained from Table 10 or 11.
Figure 9. Agreement between Assay 1 and Assay 2 using data from Table 10.

[bookmark: _Toc6044264][bookmark: _Toc14781569]P-values
In 2016, the American Statistical Association published an official statement on p-values (41). A list of the key principles from that statement is shown below:

· P-values can indicate how incompatible the data are with a specified statistical model.

· P-values do not measure the probability that the studied hypothesis is true, or the probability that the data were produced by random chance alone.

· Scientific conclusions and business or policy decisions should not be based only on whether a p-value passes a specific threshold.

· Proper inference requires full reporting and transparency.

· A p-value, or statistical significance, does not measure the size of an effect or the importance of a result.

· By itself, a p-value does not provide a good measure of evidence regarding a model or hypothesis.

We refer the reader to the main article and a discussion article for further information (41,42).

A key topic related to p-values is multiple comparisons or multiple testing. When multiple groups from the same experiment are compared pairwise or in relation to a control group, the unadjusted p-values can overstate the overall significance. Appropriate adjustments should be made using methods such as Bonferroni, Dunnett, or Tukey depending on what is being compared (i.e., comparisons vs. a control group or all possible pairwise comparisons between groups) (42). In situations with a very large number of comparisons, such as with ‘omics data, the False Discovery Rate (FDR) method is often recommended (43).

[bookmark: _Toc6044265][bookmark: _Toc14781570]Calculation of Upper and Lower Quantitation Limits
Assays where the analyte concentration levels are calibrated from a reference standard curve entail special statistical considerations and evaluation of additional parameters during the development, optimization and validation, as explained in the Immunoassay Methods chapter in this manual (44). This includes accuracy, intermediate precision, sensitivity, dynamic range with the lower and upper quantitation limits, dilution linearity, parallelism, stability, etc. The lower limit of quantitation (LLOQ) and upper limit of quantitation (ULOQ) are defined as the lowest and highest concentrations of the analyte that can be reliably measured by the assay based on pre-specified criteria around accuracy, imprecision and sometimes total error (see Table 8 in the Immunoassay Methods chapter of the AGM (44)). Accuracy is typically defined in terms of percent relative bias of the measured analyte concentration from the calibration curve relative to its spiked nominal level. Imprecision (also referred to simply as precision) is defined by the percent coefficient of variation. Total error is defined as the sum of the absolute value of relative bias plus the imprecision (%CV). The criteria for total error, accuracy, and imprecision vary on a case by case basis. For example, accuracy and imprecision are typically expected to be < 15% for PK assays of small molecules, < 20% for PK assays of large molecules, < 25 to 30% for biomarker assays. For biomarker assays, a white paper from the cross-industry working group (45) proposed the criteria for LLOQ and ULOQ to be based on 30% total error, 25% accuracy, and 25% imprecision. 

As mentioned above, a Microsoft Excel-based template for the analysis of pre-study validation data for these types of assays associated with the calculation of assay performance characteristics such as accuracy, precision, sensitivity, etc., is available in the Replicate-Experiment Study section of the AGM chapter on HTS Assay Validation. An example output from this Excel-based tool is provided in Figure 10. This is a graph of the Bias, Imprecision (%CV) and Total Error for each validation sample. If the LLOQ and ULOQ are defined as the lowest and highest concentrations where the bias and imprecision are less than 25% and the total error is less than 30%, then in this example dataset, the LLOQ is 5.9 pg/mL and the ULOQ is 550 pg/mL.

[image: ]
[bookmark: _Toc14781522]Profile of the % relative error (bias), % imprecision (coefficient of variation; CV) and % total error for the samples used in a validation experiment. Additional assay parameters such as the sensitivity and dynamic range are derived from this analysis. For practical purposes the useful calibration range is below the 25-30% CV line. 
Figure 10. Profile for Total error, precision and bias.

[bookmark: _Toc6044266][bookmark: _Toc14781571]Area under the Curve
The area under a concentration response curve or kinetic time course can be quantified and used as a metric to compare data, which is referred to as the area under the curve (AUC). This metric provides a basis for comparing data when it is not possible to determine the values of EC50 and Emax. However, even when these parameters are determined, the AUC can be preferable because it incorporates both potency and efficacy within a single metric (46). Figure 11 illustrates the concept of AUC.
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[bookmark: _Toc14781523]Area under the curve (AUC) is shown as the green shaded region. The advantage of calculating AUC is that both potency and efficacy are incorporated into a single metric.
Figure 11. CRC plot illustrating the quantification of area under the curve (AUC).


[bookmark: _Toc6044267][bookmark: _Toc14781572]Graph Elements

[bookmark: _Toc6044268][bookmark: _Toc14781573]Title
A graph in written format typically has a figure number and a legend title (see Figure Legends section below) whereas a graph used in a presentation or discussion may have only a title. This title can provide the speaker with a visual cue, but it should be succinct so that it does not distract the listener or reader from the message being delivered, often during a short time period. Examples of succinct titles for a standard CRC like those shown previously in Figure 1 might be:

Concentration-Response Curve for Compound X
CRC for Compound X
or simply, Compound X

Much of the context for a graph in a discussion/presentation format can be provided during the presentation.

[bookmark: _Figure_Legends][bookmark: _Toc6044269][bookmark: _Toc14781574]Figure Legends
Figure legends (also referred to as captions) are crucial components of scientific figures in the literature. Remember, figures and their accompanying legends should function as stand-alone material. In other words, readers should be able to interpret the overall message of the figure without having to consult the primary text. High-quality figure legends should contain the following: title, description of techniques used, summary of results, and definitions. Note that depending on the publication source, certain components may be emphasized or de-emphasized. Figure legends typically comprise 100 to 300 words in total.

Titles should be brief and either descriptive (“Inhibition of enzyme X by compound Y”) or declarative (“Compound Y is a nanomolar inhibitor of enzyme X”). The choice of descriptive versus declarative titles may depend on journal formats or author preference. For multi-panel figures, the title should encompass a common message for all of the panels.

The techniques used should be briefly described (“Inhibition of enzyme X was determined by radiolabeled substrate incorporation”) and should be minimized to only what is necessary to understand the figure. This should include the number and type of replicates as well as independent experiments, whether the results are pooled or representative and any statistical tests utilized (e.g., SD or SEM). 

Depending on the nature of the data and figure, a brief statement about the key results should be included in the figure legend (“Compound Y is 5-fold more potent than the previously reported Compound Z”). 

Lastly, figure legends should define any abbreviations, symbols, coloring, or scaling. Uncommon features, such as broken axes, may need to be explicitly noted (see below).

Other important miscellaneous notes:
· For multi-panel figures, it may not be possible to describe each panel in detail. In such cases, it may be most effective (and efficient) to summarize several related panels in one statement.

· Utilize consistent verb tense. Past tense is used most often for describing completed experiments (“Inhibition of enzyme X was determined by radiolabeled substrate incorporation”), while present tense can be used for declarative statements (“Compound Y is a nanomolar inhibitor of enzyme X”).

To illustrate these concepts, consider the graph in Figure 12 and several examples of a figure legend:

[image: ]
[bookmark: _Toc14781524]Lower-quality example figure legend:
Figure 12. Effect of compound X versus enzyme Y.

Better-quality example figure legend:
Figure 12. Inhibition of enzyme Y by compound X. Enzymatic activity was determined using a radiolabeled substrate assay in triplicate. Compound X inhibits enzyme Y with an IC50 value of 10M.

High-quality example figure legend:
Figure 12. Inhibition of enzyme Y by compound X. Enzymatic activity of enzyme Y was determined using radiolabeled substrate assay. Compound X inhibits enzyme Y with an IC50 value of 10  2M. Data are mean SD from three technical replicates.

Figure 12. CRC plot with three example figure legends shown below.



[bookmark: _Toc6044270][bookmark: _Toc14781575]Axis Scale
Most graphs will have a single horizontal axis (x-axis) which corresponds to the independent variable and a single vertical axis (y-axis) which corresponds to a dependent variable. The axis scale can vary depending on the type of data being displayed and the same data on different scales may not convey the same message. The main types of scales used in assay and screening applications include linear (or arithmetic) or logarithmic (or log). In addition, when data is converted to log values, the data points can be plotted on a linear scale.

· Linear scale – a linear scale will show equal spacing between the scale units or tick marks. With a linear axis, the baseline often begins with zero. Log-transformed data can be plotted on a linear scale as well.

· Log scale – a log scale will have unequal spacing between scale units or tick marks. Major tick marks will have a consistent ratio between them, such as ten. By definition, logarithmic axes do not contain negative numbers. In addition, zero cannot be plotted on a logarithmic axis. To use a logarithmic scale, the actual data values are plotted.

Consider the data values from the curves in Figure 2, shown in Table 12 with the concentration (x-axis) listed in the native format (Concentration, [nM]) and in the log-transformed format (Log M).
[bookmark: _Toc14781502]Table 12.  CRC data with x-axis values in native and log-transformed formats.
	Concentration, [nM]
	Concentration, [Molar]
	Log M
	Replicate 1
	Replicate 2
	Replicate 3

	100
	1.00E-07
	-7.00
	97.3
	90.5
	96.4

	33.3
	3.33E-08
	-7.48
	94.3
	97.9
	100.4

	11.1
	1.11E-08
	-7.95
	93.3
	94.3
	96.6

	3.70
	3.70E-09
	-8.43
	86.6
	86.9
	89.2

	1.23
	1.23E-09
	-8.91
	72.7
	70.3
	81.0

	0.412
	4.12E-10
	-9.39
	53.1
	47.3
	55.7

	0.137
	1.37E-10
	-9.86
	27.0
	31.4
	30.0

	0.0457
	4.57E-11
	-10.34
	31.4
	-3.0
	17.2

	0.0152
	1.52E-11
	-10.82
	14.1
	-4.2
	0.5

	0.00508
	5.08E-12
	-11.29
	13.7
	-1.5
	5.8




The data in Table 12 can be plotted on a log scale (Figure 13A), linear scale (Figure 13B) and using log-transformed data on a linear scale (Figure 13C). 

[image: ]
[bookmark: OLE_LINK4][bookmark: _Toc14781525]Data from Table 12 was plotted using a log x-axis scale (A), linear x-axis scale (B) or log-transformed data on a linear x-axis scale (C). Data points for all graphs are the mean of three technical replicates. Error bars represent SD. The same nonlinear equation (4-parameter Hill equation (47)) was used for each curve fit.
Figure 13. CRC data plotted with three different x-axis scales.

Comments about each sub-figure are shown below:

[bookmark: OLE_LINK1]Figure 13A. This figure uses the actual concentration values (Molar) with an x-axis log scale. The resulting curve fit from GraphPad Prism is ambiguous (compare the curve fit of 13A and 13C, which both use the same nonlinear curve fitting routine, but difference x-axis scales). This type of scale is not typically used with CRC data.

Figure 13B. This figure uses a linear scale for the actual concentration values. As a result, the data points on the graph will be clustered at one end of the scale and the curve fit is also ambiguous. This type of scale is seldom used with CRC data that has a concentration range over several log scales.

Figure 13C. This figure uses log-transformed concentration values on a linear scale and is the most common method for plotting CRC data. The common sigmoidal curve resulting from the nonlinear regression analysis is shown.

In a different example, consider the data in Table 13 from a standard radioligand binding saturation analysis (29). The goal of this type of experiment is to determine a plateau of binding activity that results from varying the concentration of radioligand (x-axis) and measuring the binding response (pmol/mg).
[bookmark: _Toc14781503]Table 13.  Data from a saturation binding analysis.
	nM
	Log nM
	pmol/mg

	
	
	

	0.30
	-0.516
	0.385

	0.53
	-0.274
	0.587

	0.98
	-0.008
	0.908

	1.7
	0.238
	1.38

	2.7
	0.432
	1.93

	4.4
	0.646
	3.13

	6.9
	0.842
	3.70

	11
	1.05
	4.57

	18
	1.26
	5.00

	29
	1.47
	5.35

	47
	1.67
	5.68

	75
	1.87
	5.77





Like Figure 13, the data in Table 13 was plotted using the concentration vales on the x-axis with a log scale (Figure 14A), a linear scale (Figure 14B) and a linear scale using log-transformed data (Figure 14C).

[image: ]
[bookmark: _Toc14781526]Data from Table 13 was plotted using a log x-axis scale (A), linear x-axis scale (B) or log-transformed data on a linear x-axis scale (C). Data points are from a single measurement at each concentration level and were fit in GraphPad Prism with nonlinear regression routines as follows: (A) and (B) using a one-site hyperbolic function; (C) using a four-parameter log inhibitor versus response function.

Figure 14A. Using the actual concentration values with an x-axis logarithmic scale can yield information about the level of saturation achieved.

Figure 14B. A linear scale is used with the actual concentration values. The binding activity does not appear to change after ~30 nM concentration on the x-axis.

Figure 14C. Log-transformed concentration values on a linear scale are possible in software programs, however, this format is seldom used.

[bookmark: _GoBack]Figure 14. Saturation binding data plotted with three different x-axis scales.

The graph in Figure 14B is most commonly used when evaluating saturation binding experiments. However, the graph in Figure 14A may be a better example of demonstrating that the binding activity reaches a significant asymptote.

[bookmark: OLE_LINK2]Therefore, the type of scale chosen for each graph should be carefully evaluated to ensure that information is conveyed as desired.


[bookmark: _Toc6044271][bookmark: _Toc14781576]Axis Scale Range
In most cases, the vertical (y) axis should begin at zero. Not having the origin begin at zero can distort the relative magnitudes between data values. This concept is shown in Figure 15A (scale begins at 1.6) and Figure 15B (scale begins at zero) for the same data values.

[image: ]
[bookmark: _Toc14781527]<?escape?>(A) Y-axis scale begins at a value of 1.6 and skews the relative difference between the three samples. (B) Y-axis scale begins at zero and the relative differences between the three samples are properly depicted.
Figure 15. Example bar graphs with non-zero and zero y-axis origin.

Starting the y-axis scale at zero may be preferred, but consider the example shown in Figure 16 where the same data is plotted with a y-axis scale that begins at zero (Figure 16A) and a y-axis scale that does not begin at zero (Figure 16B).

[image: ]
[bookmark: _Toc14781528]<?escape?>(A) Y-axis scale begins at a value of zero; the data appears to be uniform. (B) Y-axis scale begins at a value of 3800 and a repetitive pattern is observed. This is an example of systematic error.
Figure 16. Example line graphs with non-zero and zero y-axis origin.

While this data has been exaggerated to demonstrate a point, these types of patterns can exist with assays that involve automated liquid handlers, plate transfers, and detection equipment and usually suggest a causal relationship that can be investigated. If identified, these effects can be corrected and quality control chart monitored to reduce the overall noise and variation in the assay (1). Viewing data by rows or columns with a non-zero y-axis scale may be necessary to identify potential issues or patterns.

An example where a reduced scale may be required is demonstrated in Figure 17. Here a single obvious extreme outlier (data point in red) enlarges the scale, which masks the effect of the remaining data including the variability of n=3 technical replicates. Changing the scale so that the obvious outlier is not shown may yield the desired curve. An explanation for excluding the data point should be described in a figure legend, text, orally, etc. 

[image: ]
[bookmark: _Toc14781529]<?escape?>(A) One extreme outlier (in red) creates a large y-axis scale that obscures the remaining data points. (B) The extreme outlier is omitted and a standard sigmoidal CRC curve is observed compared to the previously flattened CRC shown in A (n=3 technical replicates).
Figure 17. Effect of including all data when an extreme outlier exists.

Alternatively, the use of a broken axis (see Figure 19) may be an acceptable alternative to show both the expected CRC and the outlier.

Finally, two different samples that are tested in the same experiment should have the same scale range so that relative differences are obvious to the observer. Figure 18 demonstrates how conclusions could be misinterpreted when the y-axis scales for like-treated samples are not kept the same. In this example, Sample 1 and Sample 2 are two different preparations of the same protein tested in the same assay with the same conditions and reagents. Figure 18 panels A and C may give the appearance that Sample 1 and Sample 2 have similar activities, since y-axis scales, relative to each maximum, were used in the two graphs. Figure 18 panels B and D demonstrate the difference in relative activities for the two samples, when the same y-axis scale is used in each graph.

[image: ]
[bookmark: _Toc14781530]Sample 1 and Sample 2 are two different protein preparations that were treated in the same experiment with the same reagents and conditions. Nonspecific binding (solid squares) and total binding in the absence of competitor (open circles) were measured. In A and C, the y-axis scale range is determined by the maximum observed response for each sample. In B and D, the same y-axis scale range is used for both samples. Panels B and D give an accurate representation of their relative activities compared to each other (n=1).
Figure 18. The effect of using different y-axis scales on similarly treated samples.

Therefore, the scale range should be carefully evaluated to ensure that information is conveyed appropriately. In some cases, the activity of Sample 1 should be depicted as shown in Figure 18A to indicate that there is potentially a useable signal with that sample, depending on the situation.

Generally, it is acceptable to extend the scale range a few percent on either side of the axis to avoid data points on the plot frame (if using one) or on the axis extremes.


[bookmark: _Toc6044272][bookmark: _Toc14781577]Broken Axes
If a broken axis is used to emphasize a specific point regarding the data being plotted, a note to indicate the broken axis in the figure legend, text, discussion, etc. should be included. This alerts the observer to this non-standard technique and can prevent misinterpretation of the data. Figure 19 utilizes a broken y-axis to capture all data points of a CRC experiment (same data presented in Figure 17). It demonstrates the value of a broken axis so that key CRC information is retained while including all data points.

[image: ]
[bookmark: _Toc14781531]A broken y-axis is used to include an outlier while still maintaining an appropriate concentration response curve for analysis. See the graphs in Figure 17 to compare other possible ways to present this data (n=3 technical replicates).
Figure 19. Using a broken axis to include all data points in a CRC.


[bookmark: _Toc6044273][bookmark: _Toc14781578]Tick Marks
The most common placement of tick marks in a graph are on the outside of the axis; however, tick marks inside the axis are acceptable in many cases.

The number of tick marks being used on a graph axis should be chosen to represent the scale range adequately, without clutter, including extraneous tick marks that distract the reader. Placing tick marks at round integer numbers to correspond with the range is most frequently practiced. Minor tick marks and unlabeled tick marks should be avoided whenever possible.

The examples shown in Figure 20 demonstrate three different axis scales for the same data range. In Figure 20A, the tick marks are integers and evenly spaced across the scale range, which represents a desirable presentation of the axis. In Figure 20B, there are unnecessary minor tick marks included. In Figure 20C, there are too many numbered major tick marks and the labels are uneven integers.

[image: ]
[bookmark: _Toc14781532]<?escape?>(A) A standard, visually acceptable axis with even integers spaced across the entire length of the axis. (B) This axis has unmarked minor tick marks which do not add information necessary to understand a graph. (C) This axis has too many tick mark labels and the labels are non-standard integers.
Figure 20. The effect of the number of tick mark labels on a graph axis.

When the data values being plotted are large, resulting in axis labels with several zeros (Figure 21A), divide the numbers by a constant factor and indicate the manipulation in the axis label as shown in Figure 21B. The message and interpretation of the data is the same with the y-axis scale depicted in Figure 21B being clearer.

[image: ]
[bookmark: _Toc14781533]Plotted are raw data values using exponential notation on the y-axis scale (A) and a transformed scale on the y-axis using a multiplier expression indicated in the x-axis label (B). In this example, data points are connected with straight lines. The connected segments imply an appropriate continuous trend between the data points.
Figure 21. Y-axis scale with large numbers.


[bookmark: _Toc6044274][bookmark: _Toc14781579]Axes Labels
Accurate, unambiguous axes labels are important to avoid confusion regarding the data being plotted in a graph. As an example, all of the following labels were intended to represent log-transformed concentrations plotted on the x-axis. They were found within published journal articles for CRCs. Some comments are listed after the label:

Log [Compound]: Doesn’t specify the concentration units
Log [Compound] (M): Acceptable
Log [Compound], M: Acceptable
Log Compound Concentration (M): Acceptable (less standard)
Log [Compound]/M: Unclear, without further information on whether the x-axis values are a ratio
[Compound] in Log (M): Acceptable (less standard)
Log10 (Concentration (M)): Acceptable (less standard)
[Compound], M: Doesn’t specify that that the concentrations are log-transformed
Compound [Log M]: Non-standard
Log Compound, M: Suggests log of a compound name rather than a compound concentration
[Compound], Log M: Possibly suggests that the units are Log M
Compound, Log [M]: Acceptable (less standard)

This example illustrates a couple of important principles:
1. Be consistent with the labels throughout a set of graphs
2. Make sure that the label describes accurately what is being plotted

Y-axis labels should follow the same principles as those listed above. An important example is a scale from zero to 100 that could be a percent scale or actual data values. The label should always indicate percent if that is the intention of the data being plotted.


[bookmark: _Toc6044275][bookmark: _Toc14781580]Types of Graphs

Many graph and figure types exist so that your data can be tailored to a specific purpose or audience, regardless of whether it is in written or spoken format. A table for choosing when to use common data presentation techniques has been previously published (48). One online source even describes 44 types of graphs that can be chosen to present information (49). This section focuses on bar graphs, line graphs, scatterplots, frequency distributions, and heat maps.

[bookmark: _Bar_Graph][bookmark: _Toc6044276][bookmark: _Toc14781581]Bar Graph
Bar graphs contain horizontal or vertical bars with lengths proportional to the value of the data. A bar graph is usually used to show the relative differences between categories of data. See Figure 15 for an example.

If a bar graph has too many bars, it becomes cumbersome and can be difficult to interpret (Figure 22A). A scatterplot or heat map may be better choices for this level of data. Too few bars (Figure 22B) and the data in the plot could be displayed in a table or described within text and still be effective.

[image: ]
[bookmark: _Toc14781534]A representation of a bar graph with too many data points or bars (A) or too few bars (B).
Figure 22. Bar graphs with too many and too few values.

With respect to bar graphs, the following is also recommended:
· Use colorblind-accessible color combinations whenever possible. Red/green pairings are most problematic but refer to ColorBrewer, an online diagnostic tool for evaluating the robustness of individual color schemes, for more information.  
· Ideally, keep text on the baseline axis in the horizontal direction, without overlap.
· The error (SD or SEM) should be addressed as discussed above (see Figure 1 and Figure 3).


[bookmark: _Toc6044277][bookmark: _Toc14781582]Line Graph
A line graph is a series of data points connected by a line or line segments. The lines may be connected data points (Figure 1B), a linear regression fit (Figure 6 or Figure 7) or a nonlinear regression fit (Figure 14). For the purposes of definition, linear regression uses a linear model to determine the relationship between a dependent variable and one or more independent variables. By contrast, non-linear regression is a form of analysis modeled by a non-linear function that utilizes model parameters and one or more independent variables.

Like a bar graph, if there are too many lines the reader is distracted from the message of the data in a line graph. This is especially true if the curves being shown have similar activities (Figure 23). Figures with too many curves often force the preparer to include a legend within the graph, which can be distracting and, in many cases, is considered chart junk.

[image: ]
[bookmark: _Toc14781535]In this graph, the CRC for several compounds are shown with nonlinear regression curve fits. Each line has a unique symbol and the symbol legend appears at the right. There are too many compounds being shown on this graph to decipher the individual information.
Figure 23. Multiple compound CRC graph.

Considerations include:
· Use colorblind-accessible color combinations whenever possible. (See above for more info.)
· Use colors only when necessary – avoid excessive use.
· The thickness of lines should be such that they are clearly visible but do not obscure individual data points.
· The method used to fit a set of data points to a line should always be conveyed with the graph (via legend, text, discussion, etc.).

In place of Figure 23, showing a representative curve for one or two compounds along with a table of calculated results (e.g. pIC50) for the other compounds tested may provide an improved approach for presenting this type of data. An example of this concept is shown in Figure 24 where the two compounds with the largest difference in activity are displayed in the graph (A) and the activity (pIC50) of all the compounds tested is displayed in the table (B).

Figure 24 represents an additional reason for using negative log-transformed activity values (pIC50) when comparing compounds. The larger the pIC50 value, the more potent the compound. Other advantages include the following: the nonlinear curve fit routine solves for the log IC50, the error associated with the pIC50 is symmetric and normally-distributed and expressed with the same level of significance (see significant digits section) as well as making the determination of the geometric means easier.
[image: ]
[bookmark: _Toc14781536]<?escape?>(A) Concentration response curves for two compounds in a study (n = 1). The curves represent the most potent compound (Compound 1, closed squares) and least potent compound (Compound 10, open circles) in an experiment that tested ten compounds. (B) Table showing the pIC50 values for all ten compounds tested in the experiment.
Figure 24. CRC and table for several test compounds.


[bookmark: _Toc6044278][bookmark: _Toc14781583]Scatter Plot
A scatter plot (also referred to as a scatter gram) is a graphic visualization of two-dimensional data using dots to represent data values. Scatter plots have x and y-axes and each data point is a coordinate on the plot. Scatterplots are often used to demonstrate the activity of the wells on a microplate, such as plate uniformity studies (28) and large data sets. In addition, they are the type of graphs used in the correlation plots discussed earlier (Figure 6 and 7).

Color coding data points can provide additional information within a scatter plot as shown in Figure 25 for plate data with the color-coded max and min plate controls. However, color-coding individual data points can be tedious and the data may be better represented with a heat map (Figure 28 and 29).
[image: ]
[bookmark: _Toc14781537]Individual well data from a 384-well plate that includes positive controls (red) and negative controls (blue). Wells are aligned by columns on the plate.
Figure 25. Scatterplot example.

With respect to scatter graphs, the following is also recommended:
· Use colorblind-accessible color combinations whenever possible. (See above for more info.)
· Data points that are too large obscure the detail of the pattern or trend being depicted in the scatterplot.


[bookmark: _Toc6044279][bookmark: _Toc14781584]Frequency Distribution
A frequency distribution typically uses bars or rectangles and can include a further analysis for normality, such as a Gaussian curve, embedded in the plot. The x-axis represents a range or group of ranges (“bins”) and the y-axis represents the frequency at each range or bin. An example of a frequency distribution is shown in Figure 26. In this example, the three panels demonstrate frequency distributions using an appropriate number of bins (A), too many bins (B) and too few bins (C).

[image: ]
[bookmark: _Toc14781538]Activity is divided into bins of percent specific inhibition (x-axis). The number of compounds in each bin (y-axis) are represented by the bars. To test for normality, a Gaussian distribution (red line) was fit to the frequency data. (A) Represents an appropriate number of separation bins (at 10% inhibition intervals), while (B) has too many separation bins (at 5 % inhibition intervals) and (C) has too few separation bins (at 20% inhibition intervals).
Figure 26. Frequency distribution.

With respect to frequency distributions, the following is also recommended:
· The number of bins ultimately depends on the number of data points, and determining the number of bins (as demonstrated above), may be a trial and error process to achieve a desired graphical result.


[bookmark: _Toc6044280][bookmark: _Toc14781585]Alternative Plots
While widely used, bar graphs have significant limitations. Since bar graphs only display summary statistics (generally mean and SD or SE) it is possible to generate identical bar graphs from different data sets due to outliers, bimodal distributions, differences in sample sizes, confounding variables or other reasons (50). Alternative graphical methods which display all of the data and the distribution information, such as Univariate Scatterplots, Box plots (which graphically overlay the summary statistics) or Violin plots are preferable. Since most preclinical studies use relatively small sample groups (n < 15) this is very feasible and Weissgerber et al (51) have provided an online tool which allows scientists to easily generate and download these plots using their own data. (Figure 27).

[image: ]
[bookmark: _Toc14781539]The full data may suggest different conclusions from the summary statistics. The means and SE values for the four example datasets shown in B-E are all within 0.5 units of the means and SE values shown in the bar graph A. ρ values were calculated in R statistical software (version 3.0.3) using an unpaired t-test, an unpaired t-test with Welch’s correction for unequal variances, or a Wilcoxon rank sum test. In B, the distribution in both groups appears symmetric. Although the data suggest a small difference between groups, there is substantial overlap between groups. In C, the apparent difference between groups is driven by an outlier. D suggests a possible bimodal distribution. Additional data are needed to confirm that the distribution is bimodal and to determine whether this effect is explained by a covariate. In E, the smaller range of values for group 2 may simply be due to the fact that there are only three observations. Additional data for group 2 would be needed to determine whether the groups are actually different. var, variance. (Adapted from Weissgerber et al. (50) under a creative commons license. Figure and figure legend used with permission.)
Figure 27. Many different distributions can lead to the same bar graph.


[bookmark: _Toc6044281][bookmark: _Toc14781586]Heat Maps
A heat map is a representation of data values using a color scale or grayscale. The resulting graph can be in a matrix format, which makes them popular for data generated using microplates. Figure 28 shows a heat map for the same data that was previously graphed in a scatter plot (Figure 25).

[image: ]
[bookmark: _Toc14781540]The scale at the right of the heat map shows the colors associated with the signal range. Note that in this example, the positive controls are in wells A1-H2 and I23-P24. The negative controls are in wells I1-P2 and A23-H24.
Figure 28. Heat map for the 384-well plate data shown in Figure 21.

Heat maps can be used to view multiple plates at a time and to assist with efficient identification of data patterns, position effects and trends (52).

With respect to heat maps, the following is also recommended:
· Individual data points can be framed with a thin border. Frames are typically avoided when there is a large amount of data points such that the frames would obscure the interpretation of the data.
· Heat maps can be displayed in color or grayscale. The choice of color versus grayscale often depends on the data being presented. For data with large dynamic ranges, two colors may be appropriate, whereas for data with small dynamic ranges, grayscale may be sufficient (Figure 29). As stated previously, the use of red and green coloring schemes should be avoided. (This is perhaps a relic of certain microarrays that utilized red and green fluorescent proteins to assay gene expression.) 
· As with other plot formats, the scaling of the color can be adjusted to better illustrate key scientific points, such as plate positional effects where relatively minor systematic errors may be significant (Figure 29). 
· Outliers can be displayed on heat maps as a separate color and then noted in the legend.
· Consider providing a supplemental file listing the data in numerical format. Data points can also be printed within each matrix point, though this can add considerable visual artifacts that detract from interpreting the figure (Figure 29E).
· The use of multiple colors (“rainbow schemes”) can make the perception of gradients difficult (Figure 29F) and are generally more appropriate for categorical or grouped data.
· Another approach to emphasizing positional effects is to express data as deviation from the mean or median values (Figure 29G). This is also amenable to analyzing data for up- or down-regulation, such as gene expression or protein abundance.
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[bookmark: _Toc14781541]Data are normalized fluorescence intensity measurements from a uniformity plate (i.e., all wells should have equal, 100% max signal) to assess for microplate positional effects. Clearly, rows I, J, M, and N show decreased signal, which is due to a clogged liquid dispensing nozzle. Panels A and B demonstrate the effect of varying scales; a coloring scheme starting at the minimum value (panel B) better highlights the systematic errors in this particular data. The same data can be plotted in color (panels C and D), depending on the desired aesthetics. Individual values can be printed within each matrix point (panel E), but this generally adds noise and should be done only when necessary. The same data can be plotted in a rainbow coloring scheme (panel F), though the meaning of individual colors is not necessarily intuitive. Finally, the same data can be plotted as a function of deviation from the mean or median (panel G). (Unpublished data courtesy of JL Dahlin.)
Figure 29. Effect of color schemes on heat maps.


[bookmark: _Toc6044282][bookmark: _Toc14781587]Three-Dimensional Graphs
In most cases, 3-dimensional (3D) graphs are distracting to the reader and can be difficult to interpret due to the added complexity or distortion that can occur. They are often used in business publications and newspapers but should be avoided in scientific data presentations. A simple, classic example is shown in Figure 30 using a standard bar graph and a 3-D bar graph generated with Microsoft Excel. In the example, both samples 2 and 4 have median values above 100% of the control in the standard bar graph. However, in the 3-D bar graph, it appears that samples 2 and 4 do not reach the 100% of control level based on the axis scale lines for the graph. While this is a matter of perspective, it can lead to incorrect analysis and conclusions.
[image: ]
[bookmark: _Toc14781542]<?escape?>(A) (Typical bar graph) and (B) (3-D bar graph) are from the same data. Five different samples were tested for activity against a control. Blue bars are total activity and grey bars are nonspecific activity. Bars are the median of 8 technical replicates from the same run.
Figure 30. Standard and 3D bar graphs.


[bookmark: _Graphing/Statistical_Software_Progr][bookmark: _Toc6044283][bookmark: _Toc14781588]Graphing/Statistical Software Programs
This chapter asserts no preference in software used for creating graphs or statistically analyzing data. Specific programs cited are at the discretion of the authors, based on experience. Some notable software programs for graphing or statistical analysis include, but are not limited to, the list below.

GraphPad Prism
JMP
KaleidaGraph
MATLAB
Microsoft Excel
Minitab
Origin
R Statistical Package
SAS
ScreenAble
SigmaPlot
SPSS
Stata

[bookmark: _Toc6044286][bookmark: _Toc14781589]Tables
It is important to note that graphs and tables may lead to completely different interpretations, even with the same data set. Each has a purpose, depending on how the data will be used and who the consumers of the data will be. Large tables do not work well in a presentation setting and graphs may not provide the level of detail required for a further calculation or show exact values and differences when analyzing data.

Tables should not contain so much data that they are hard to follow. Likewise, tables should not have print that is so small that it is difficult to read. Conversely, simple tables with only a few values may be less effective.

Considerations for tables include:
· Include a legend/caption where needed to describe or define any abbreviations, etc.
· Include units with the table (e.g. as part of the header title for the column)
· Use a minimum number of significant digits that are consistent throughout the table
· Shading rows or columns can help improve readability
· Use lines to separate sections; do not overuse lines within the table
· Include only essential data
· Be clear, concise and legible
· There should be adequate space within the table for clarity
· Use caution with word wrapping, especially when it only occurs in a couple of table cells

Some examples of tables appear earlier in this chapter.


[bookmark: _Toc6044287][bookmark: _Toc14781590]Interactive Data Visualization
Visual inspection of graphic displays can identify natural groupings of data points suggestive of correlations in the underlying data. Modern computer graphics interfaces often have the capability to use a computer’s mouse or other pointing device to select one or more data points in a graphic for further investigation. Some of the more commonly encountered types of these tools are discussed below.

[bookmark: _Toc6044288][bookmark: _Toc14781591]Data Hints
The data or chart “hint” is often used to describe the action that occurs when the mouse hovers over, or is clicked on, single points (e.g. scatterplot) or specific sub-plot regions of a multi-plot display. Typically, this is used to display an informational child window near the selected point/region. An example of a chart hint is shown in Figure 31. If a data grid is visible in the application, then a useful side effect would be to select (highlight) the row of interest.
[image: ]
[bookmark: _Toc14781543]In this example, hovering over the curve provides a value for each of the parameters listed as a quick reference to the underlying data row contents. The availability of hints for graphics is typically indicated by a hand with pointing finger cursor.
Figure 31. The result of a chart hint action on a multi-panel CRC plot.

[bookmark: _Toc6044289][bookmark: _Toc14781592]Brushing Data
Data brushing refers to using the pointer in a click-and-drag fashion to define a region that encompasses one or more data points of interest on a chosen graphic. The selected points/region are subsequently “highlighted” (e.g. using color or plot characters) in the selection plot device in order to focus subsequent User attention. Typically, graphic plots using other variables/responses are similarly updated and the relevant data grid rows are selected. For maximal utility, this should be a two-way process and the ability to highlight graph points from row selections of data displayed in grids following complex sorting operations should also be available.

[bookmark: _Toc6044290][bookmark: _Toc14781593]Context Menus
Many graphics displays allow the development of menu functionality for common operations such as copying, printing and file creation to be readily available to the user. The content of these menus can be programmatically linked to the type of plot and the data under consideration. Plot scaling can be keyed to mouse behavior (e.g. mouse wheel) and, for 3-dimensional graphics, useful behaviors such as rotational direction and speed can be intuitively linked to gestural pointer actions. Figure 32 demonstrates the concept of a context menu.
[image: ]
[bookmark: _Toc14781544]Several options for rotational control, plotting of axes etc. can be accessed using either the pointer or keyboard shortcut combinations. Options with checkboxes are those that have an on/off toggle function.
Figure 32. Example of a Context Menu associated with a 3D graphics display.

[bookmark: _Toc14781594][bookmark: _Toc6044291]Databases 
A well designed and properly implemented Relational Database Management System (RDBMS) (53) is a valuable tool not only for the storage of information but also for promoting both reproducibility of experiments and consistent, appropriate data reporting. A database offers a number of advantages when compared to flat files such as spreadsheets:

· Data Safety and Integrity. Built in features of the database automatically back up data and track any changes made to the data. In the event of errors, changes can be rolled back

· Data Consistency. Much of the data in spreadsheets is repeated and subject to errors in data entry such as typographic errors or cut and paste errors. A structured data model eliminates this redundancy and provides tools to validate data entries. Additionally, having all the data in one place simplifies the identification of systematic shifts or random errors in the data.

· Change Management. Results can be recalculated automatically from the original primary data to explore new models or allow for changes in methodology. Explanations of any changes along with a record of when and who made the change(s) are also systematically captured.

· Data Analysis and Reporting. Structured reports ensure that data is always presented in a consistent manner with proper mathematical and statistical treatment, regardless of the sophistication of the user, while still allowing for export and exploration of the data to other tools. Best practices, such as those described in this chapter, can be incorporated into these reports. Reporting of both primary and derived data has also become more common for both publication and funding and has been demonstrated to enhance both transparency and reproducibility.

There are numerous commercial and open source implementations of RDBMS technologies. All of them feature some implementation of standardized Structured Query Language (SQL) commands for obtaining results for data reporting purposes. For maximal data integrity and control of data flow, the chosen system should also feature a procedural language for sophisticated development and implementation of the automated processes discussed above. Most commercially available Laboratory Information Management Systems (LIMS) use RDBMS technology to provide much of their functionality and represent a path to obtain the benefits of a relational database without the need to directly manage one.
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