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Abstract 25 

 The ability to discover minute differences between samples or sample classes for gas 26 

chromatography coupled to mass spectrometry (GC-MS) can be a challenging endeavor, 27 

especially when those differences are not a priori. Fisher ratio (F-ratio) analysis is an apt 28 

technique to probe the differences between GC-MS chromatograms. F-ratio analysis is a 29 

supervised, non-targeted discovery-based method that compares two different samples (or 30 

sample classes) to reduce the GC-MS dataset into a hit list composed of class distinguishing 31 

compounds. Three different F-ratio techniques, peak table, tile, and pixel-based were used to 32 

“discover” nine non-native analytes that were spiked into gasoline at four different nominal 33 

concentrations of 250, 85, 25, 5 parts-per-million (ppm). For the tile and pixel-based F-ratio 34 

calculations, a novel methodology is introduced to improve the sensitivity of the F-ratio 35 

calculations while reducing false positives. Furthermore, we use a combinatorial technique using 36 

null class comparisons, termed null distribution analysis, to determine a statistical F-ratio cutoff 37 

for analysis of the hit lists. The pixel-based algorithm was the most sensitive method and was 38 

able to “discover” all nine spiked analytes at a nominal concentration of 250 ppm albeit with one 39 

false positive interspersed towards the bottom of the hit list. The pixel-based software was also 40 

able to “discover” more of the spiked analytes at the lower concentrations with seven of the 41 

spiked analytes “discovered” at 85 ppm, four of the spiked analytes “discovered” at 25 ppm, and 42 

one analyte “discovered” at 5 ppm.  43 

 44 

 45 

 46 
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Introduction 48 

 Gas chromatography (GC) coupled with mass spectrometry (MS) continues to be the 49 

mainstay instrumental choice for analysis of complex samples containing volatile or semi-50 

volatile species [1–8]. Indeed, GC-MS is a powerful tool for uncovering meaningful chemical 51 

differences between samples (or sample classes). However, important chemical information is 52 

often buried in the background of less important chemical signal and noise (i.e. background 53 

matrix). Large datasets or long chromatographic analyses can overload the analysts, making it a 54 

time consuming process to comb through the data to find meaningful chemical information. 55 

Analytically, there are two approaches that can be used to investigate datasets: targeted or 56 

non-targeted analysis [3,9–11]. Targeted analyses attempt to verify previous results in which 57 

chemical species have been previously identified. For targeted analyses, the known chemical 58 

species can be tracked using a well-defined method for routine analysis, and the results can be 59 

easily analyzed via automated, concentrated chemometric methods. Non-targeted analyses 60 

attempts to discover chemical features of interest which are not known a priori. Non-targeted 61 

approaches can be either supervised or unsupervised, where supervision refers to prior 62 

classification of samples as they relate to experimental design [12–14]. Examples of 63 

unsupervised methods include principal component analysis (PCA) [1,4,5,15] and hierarchical 64 

clustering [16,17], and examples of supervised methods include partial least squares discriminant 65 

analysis (PLS-DA) [18,18,19], linear discriminant analysis (LDA) [2], and Fisher ratio (F-ratio) 66 

analysis [20,21].  67 

Specifically for GC-MS, non-targeted analyses are typically performed in three different 68 

manners: peak table-based [1,7,16,17], pixel-based [18,22,23], or region-based [24]. Each of 69 

these techniques mentioned has advantages and potential drawbacks. For peak table-based 70 

approaches, peak deconvolution, integration, and alignment of peak-tables are required which 71 



can all be automated, but peak table-based approaches may fail for complicated samples or when 72 

the chemical species are severely overlapped [25]. Pixel-based and region-based techniques use 73 

the raw chromatographic data output from the instrument in order to “discover” differences 74 

between samples. Pixel-based analysis compares every GC-MS data point in the two-75 

dimensional space. Chromatographic misalignment may lead to false positives and reduce the 76 

ability to find true differences in samples. However, for one-dimensional chromatography (i.e. 77 

GC-FID, GC-MS, LC-MS, etc.), there exist numerous methods for alignment of 78 

chromatographic data [2,23,24,26–28]. While careful selection of parameters for alignment must 79 

be chosen in order to avoid distortion of chromatographic peaks, these methods are 80 

straightforward and some can even be automated [29]. Region-based techniques first bin (i.e. 81 

sum a specified amount of chromatographic points based on the peak widths and retention time 82 

shifting), also known as tiling, before comparing the reduced chromatographic data. However, 83 

using a single bin size may cause peaks to be split into two separate bins. If any misalignment is 84 

present, it is possible that the peak may be unequally split into separate bins. Recent work by 85 

Sudol et al showed that various bin sizes for GC×GC can affect classification of diesel fuels by 86 

PCA [30]. To overcome the issue of peaks splitting, Synovec and co-workers have introduced a 87 

novel binning scheme [14,31–33].  88 

After the chromatographic data have been prepared by either peak table, pixel, or tiling, 89 

supervised (or unsupervised) methods may be applied in order to elucidate chemical information. 90 

F-ratio is a suitable method to discover class-to-class differences between samples as it 91 

prioritizes statistical significance over absolute signal. The F-ratio is defined as the class-to-class 92 

variation of the detected signal divided by the sum of the within-class variations of the signal. 93 

The class-to-class variation is calculated as 94 
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where ni is the number of measurements in the ith class, �̅� 	is the mean of the ith class, �̅ is the 96 

overall mean, and k is the number of classes. The within-class variation is calculated as  97 
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where �̅�� is the ith measurement of the jth class and N is the total number of samples. The F-99 

ratio is then calculated as the ratio between the two variances 100 
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After the F-ratio value is calculated, the “hits” can be organized into a hit list with the higher F-102 

ratio value indicating a more class distinguishing analyte. In order to avoid “mining” the entire 103 

hit list for class-distinguishing compounds and to avoid false positives, a threshold should be 104 

applied [32,33]. By rearranging the sample classes, the between-class variation can be removed 105 

and it is possible to estimate the effects of non-meaningful variation in the dataset.  106 

 Herein, we compare peak table, tile, and pixel-based non-targeted F-ratio analysis for 107 

GC-MS data. Gasoline was spiked with nine non-native analytes at four different concentrations. 108 

Gasoline was selected for this study because it provides a complex background, while the 109 

analytes were chosen to provide a challenging case for discovery. The peak table approach uses 110 

the software native to the GC-MS instrumentation to deconvolute and integrate peaks, while the 111 

pixel and tiling-based approach uses novel in-house written software to calculate F-ratios 112 

followed by redundant hit removal. Combinatorial null distribution analysis for each hit list is 113 

applied, providing a statistical threshold for the analyst [33,34].  114 

Experimental 115 

Chemicals 116 



 Gasoline (~ 1 liter) was obtained from a local fueling station (Los Alamos, NM, USA). 2-117 

propanol (LCMS grade) was obtained from Honeywell. 1,2-dichlorobenzene (ACS grade), 118 

pyridine (ACS grade) and dichloromethane (ACS grade) were obtained from Fisher Scientific. 1-119 

octanol (99%), cyclooctene (95%), dodecane (99%), cycloheptane, nitrobenzene (99%), 120 

nitromethane (99%), and cyclohexanone (99.8%) were obtained from Acros.   121 

Sample Preparation 122 

 Nine non-native analytes were spiked at the following nominal concentrations into 123 

gasoline: 250, 85, 25, 5, and 0 parts-per-million by mass (ppm). An internal standard 1,2-124 

dichlorobenzene was spiked at a concentration of 2 parts-per-thousand (ppt) into each gasoline 125 

sample. The actual concentration of each compound at each spike level is provided in Table 1. 126 

The actual concentration of each spiked analyte is used as much as possible in this work, but for 127 

clarity and simplicity, we use the nominal spike concentrations when referring to particular 128 

concentration comparisons.  129 

Instrumental Conditions 130 

One microliter of each sample was injected by a Combi-PAL (Trajan Scientific and 131 

Medical, Austin, TX, USA) at a split of 20:1 into an Agilent 7890A GC (Agilent Technologies, 132 

Palo Alto, CA, USA) coupled to a Leco Pegasus HT (Leco, St. Joseph, MI, USA) equipped with 133 

a 20 m × 0.18 mm i.d. × 0.18 µm d.f. Rxi-17Sil MS (Restek, Bellefonte, PA, USA). Prior to 134 

injection, dichloromethane was used as a solvent rinse. Ultra-high purity helium (Grade 5, 135 

99.999%, Airgas, El Paso, TX, USA) was used as the carrier gas at a constant flow rate of 0.8 136 

mL/min. The oven was held at 40 °C for 1.5 min and ramped at 10 °C/min to 135 °C. The inlet 137 

temperature and transfer line temperature were 250 °C and ion source temperature was 225 °C. 138 

An ionization voltage of 70 eV was implemented and spectra were collected at 10 Hz at a mass 139 



range of 35-350 m/z. A 10 second solvent delay was implemented and the detector voltage was 140 

set at 1600 V. Six injection replicates were obtained for each sample in a randomized sequence 141 

in order to prevent instrumental bias.  142 

Data Analysis 143 

 F-ratio values were calculated for the 250 ppm vs. 0 ppm, 85 ppm vs. 0 ppm, 25 ppm vs. 144 

0 ppm, and 5 ppm vs. 0 ppm for the peak table, pixel-based, and tiled-based approaches. Figure 1 145 

provides the data analysis workflow for the calculation of the F-ratios for the three different 146 

approaches. 147 

Peak tables were compiled using the instrument software (Leco ChromaTOF v4.30) with 148 

the following parameters: baseline correction using an offset value of 0.5, smoothing using the 149 

“auto” option, and peak finding with a signal to noise (S/N) threshold of 10. The peak width was 150 

set to 4 seconds based on visual inspection of the several randomly selected peaks in the 151 

chromatogram. The calculated peak tables were exported as ASCII CSV format and then 152 

imported into Matlab 2019a (Mathworks, Inc., Natick, MA, USA) using the “readmatrix” 153 

function. The peak tables were aligned and then normalized to the internal standard 1,2-154 

dichlorobenzene (m/z 148). It is important to note that not all peak tables were equal in length 155 

(i.e. some peak tables had less analytes “discovered”). If a peak was found in one chromatogram 156 

but not in another it was still included in the aligned peak table, but for chromatograms where it 157 

was not “discovered,” the peak area was set to zero. The F-ratio was calculated for every peak in 158 

the table, and combinatorial null distribution was calculated in order to provide a statistical 159 

threshold for evaluation of the F-ratio hit list. For efforts herein, an analyte was only 160 

“discovered” if it was above the null threshold in order to quantify the chemical sensitivity for 161 



each method. However for “real world” samples, an analyst may want to “mine” the F-ratio 162 

hitlist in order to not miss any readily discovered true positives. 163 

 For the pixel and tile-based F-ratio calculations, the chromatographic data was exported 164 

from ChromaTOF as a ASCII CSV file and was imported into Matlab using the “readmatrix” 165 

function. The chromatograms were baseline corrected using in-house software, smoothed using 166 

the Savitzky-Golay function native to Matlab, and then normalized to the internal standard 1,2-167 

dichlorobenzene (m/z 148). For the tile-based F-ratio calculations, the chromatograms were 168 

binned by 60 data points using a novel grid scheme based on work done by Synovec and 169 

coworkers albeit only two grids were used (instead of four) [31]. A tile size of 60 data points was 170 

selected after manual inspection of the chromatogram. Implementation of a larger tile size will 171 

reduce misalignment but may result in the dilution of the true chemical signal, while as a smaller 172 

tile size will boost the sensitivity of the F-ratio analysis but may increase the likelihood of false 173 

positives from misalignment. Figure 2A and 2B show a graphical representation of the novel 174 

tiling scheme for nitromethane (m/z 61). A S/N threshold of 10 was applied and the F-ratios were 175 

calculated at each tile for each m/z. Figure 2C and 2D show the calculated F-ratio “spectra” 176 

where an F-ratio spectrum is the F-ratios as a function of m/z. The average F-ratio for each tile 177 

and grid scheme was calculated by taking the average F-ratio of the top ten m/z F-ratios with the 178 

requirement that there be at least 3 m/z present in the tile above the S/N threshold. If a tile 179 

contained at least 3 m/z ratios above the threshold but fewer than 10 m/z, then average F-ratio 180 

was calculated using those m/zs (e.g. if there were only 6 m/zs above the S/N threshold, then the 181 

average F-ratio was calculated with those 6 m/zs). Because of the novel tiling scheme, it is 182 

possible to have redundant hits if a peak was split into two bins (as seen in Fig. 2B). The 183 

redundant hits were removed by using a “pinning and clustering” method which is 184 



comprehensively described by Parson et al [32]. Briefly, the average chromatogram of each 185 

sample class is calculated using non-tiled chromatograms. For each tile and grid scheme, the 186 

location of the maximum signal difference for the top F-ratio m/z is located (i.e. pinned location). 187 

Next, the redundant hits are removed from the hit list if the pinned locations are within a user-188 

specified chromatographic distance termed the cluster window. A cluster window of 40 data 189 

points (4 s) was implemented herein. Finally, a statistical threshold was obtained using a 190 

combinatorial null distribution.  191 

The calculation for the pixel-based approach followed a similar scheme. No alignment 192 

software was implemented as it was deemed that there was minimal chromatographic shifting 193 

(Fig. S1 in Supplementary Data). A S/N of 10 was applied and the F-ratios were calculated at 194 

each m/z for every retention time, tR. The average F-ratio was calculated in an identical method 195 

as the tile-based approach. An in-house written peak finding algorithm was applied to the 196 

average F-ratio values in which the “peak” had to be at least 3 data points wide to be 197 

“discovered.” Redundant hits were removed using a similar “pinning and clustering” method. 198 

Figure 3A and 3B show the calculation of the F-ratio, average F-ratio and application of the 199 

peak-finding algorithm to average F-ratios. Finally, a F-ratio threshold was determined via 200 

combinatorial null distribution.  201 

Results and Discussion 202 

 The GC-MS total ion chromatogram (TIC) for the gasoline with nine spiked analytes at a 203 

nominal concentration of 250 ppm is shown in Figure 4A. It is impossible to find the nine spiked 204 

analytes as each is buried in the background matrix of gasoline. Figure 4B shows a zoom-in of 205 

the TIC where 2-propanol and nitromethane eluted. Using a selective m/z for nitromethane as 206 

shown in Figure 4C, it is possible to “extract” nitromethane from the background matrix in order 207 



to “discover” and quantify it. Only through a priori knowledge could the analyst locate all nine 208 

spiked analytes using specific m/z and inspecting the known elution times. At a concentration 209 

level of 255.7 ppm, the most intense m/z of nitromethane, m/z 61, is at a S/N of ~1000, well 210 

above the limit of detection, but is at an intensity of 1.5% of the most intense m/z at the tR of 211 

nitromethane. Figure 4D shows the mass spectrum at the tR of nitromethane compared to the 212 

library spectrum of nitromethane. It is estimated that nitromethane is overlapped by ~3 other 213 

compounds. As discussed below, the F-ratio analyses is successful at “discovering” these 214 

analytes at a nominal concentration of 250 ppm despite being severely overlapped and at 215 

relatively low concentrations compared to the background matrix. However, at lower 216 

concentrations, the three different F-ratio analysis approaches begin to fail at “discovering” the 217 

nine spiked analytes thus allowing for us to quantify the ability of each approach (peak table, tile, 218 

and pixel) to successfully discover class distinguishing compounds.  219 

 A summary of the peak table-based approach is provided in Table 2 with tR, hit number, 220 

and average F-ratio value for the four different concentrations. The F-Ratio null threshold at a 221 

0.2% false discovery rate with a 95% confidence level is noted for each of the four different 222 

comparisons. Figure S2 (Supplementary Data) shows the calculation of the null threshold for the 223 

250 ppm concentration. Two analytes, 2-propanol and cycloheptane were not “discovered” in 224 

any of the comparisons. 2-propanol and cycloheptane were severely overlapped by the 225 

background matrix making it difficult for the Leco software to deconvolute the peaks and 226 

calculate peak areas [25]. Multivariate curve resolution – alternating least squares (MCR-ALS), a 227 

deconvolution technique normally applied to GC-MS data begins to fail at a resolution (Rs) of 228 

~0.3. Thus if severe overlap is present, the calculated peak areas may be incorrect or a peak at a 229 

significantly lower concentration (compared to overlapped peaks) may not be “discovered.” 230 



Several spiked analytes such as pyridine and cyclooctene at a nominal concentration of 250 ppm 231 

were found but there F-ratios are significantly below the null threshold thus were not 232 

“discovered.” Nevertheless, the peak table-based approach was moderately successful at finding 233 

the spiked analytes.  234 

The results for the tile-based approach are summarized in Table 3 with tR, hit number, 235 

average F-ratio value, and F-Ratio null threshold for the four different concentrations. Figure S3 236 

(Supplementary Data) shows the calculation of the null threshold for the 250 ppm concentration. 237 

The tile-based approach was noticeably more successful at finding the nine spiked analytes 238 

compared to the peak table-based approach. This is most likely due to the fact that the tile-based 239 

(and pixel-based) approach does not require any deconvolution to “discover” differences in the 240 

two different classes (spiked and non-spiked). As long as there are at least 3 selective m/z (as 241 

required by the F-ratio software), it is possible to find minute differences in the chromatograms. 242 

Similar to the peak-table based approach, several analytes were found such as 2-propanol at a 243 

nominal concentration of 250 ppm, and cycloheptane at a nominal concentration of 85 ppm, but 244 

their calculated F-ratios are significantly below the null threshold. Of the nine spiked analytes, 8 245 

were found at 250 ppm, 6 were found at 85 ppm, 2 were found at 25 ppm, and none were found 246 

at 5 ppm. Interspersed in the 250, 85 and 25 hit lists were several redundant hits for pyridine (not 247 

shown for brevity). Similar to the peak-table based approach, several spiked analytes such as 248 

cyclohexanone and 1-octanol at a nominal concentration of 25 ppm were found but there F-ratios 249 

were significantly below the null threshold thus were not “discovered.” Pyridine severely tails on 250 

this column and thus is “discovered” across numerous tiles. While the clustering step of the 251 

software removes some of the redundant hits, not all are removed. This could be mitigated in this 252 

specific case by increasing the cluster window since the analytes are evenly spread out across the 253 



chromatogram. However, for a real-world study, increasing the cluster window size might 254 

remove genuine hits. It is important to draw attention to the fact that no false hits were 255 

interspersed in the hit list above the null threshold.  256 

The pixel-based approach is summarized in Table 4 with tR, hit number, average F-ratio 257 

value, and F-Ratio null threshold noted for the four different concentrations. Figure S4 258 

(Supplementary Data) shows the calculation of the null threshold for the 250 ppm concentration. 259 

The pixel-based approach was the most successful at “discovering” the 9 spiked analytes. 9 of 260 

the spiked analytes were “discovered” at 250 ppm, 7 were found at 85 ppm, 3 were found at 25 261 

ppm, and 1 was found at 5 ppm. We theorize that this technique is the most sensitive to small 262 

differences because it does not require deconvolution like the peak table-based approach and 263 

does not simplify the data like the tile-based approach. There are parallels between tiling the data 264 

and collecting the data at a slower sampling rate. If peaks are undersampled due to too slow of 265 

collection frequency, the resolution between overlapped analytes may suffer. The pixel-based 266 

approach resulted in the highest calculated F-ratio values. Moreover, the pixel-based approach 267 

was able to “discover” analytes at much lower concentrations compared to the peak table and 268 

tile-based approaches. Similar to the tile-based approach, there were several redundant hits for 269 

pyridine (not shown for brevity). However, there were two false hits (Hit #11 for the 250 ppm 270 

comparison and Hit #4 for the 25 ppm comparison) that were interspersed in the hit list above the 271 

null threshold. Figure S5 (Supplementary Data) shows the F-ratio spectrum and an AIC for the 272 

25 vs 0 ppm at the location of the hit (i.e. tR). This is an unavoidable outcome for pixel-based F-273 

ratio analysis due to misalignment of data (which can easily be overcome) or random covariance 274 

of detector noise. The number of false positives can be reduced by introducing several 275 



thresholds/requirements into the F-ratio calculations such as a S/N threshold and number of m/z 276 

above the S/N threshold. 277 

Conclusion 278 

 The ability to discover minute differences between GC-MS chromatograms is a major 279 

challenge for non-targeted discovery-based analyses. Herein, we have investigated the use of F-280 

ratio analysis to “discover” nine non-native analytes that were spiked into gasoline at four 281 

different concentrations. We compared three different approaches, peak table, tile, and pixel-282 

based to uncover the minute differences between the two classes (spiked and non-spiked). Two 283 

novel F-ratio algorithms (tile and pixel-based) were developed to address the issues that may 284 

arise from using a peak-table based approach. For all three approaches, combinatorial null 285 

distributions were calculated to provide a statistical F-ratio threshold in order to prevent the 286 

analyst from excessively analyzing a number of non-hit features. The pixel-based approach 287 

yielded the highest F-ratio values and was the most sensitive (i.e. “discovered” the most 288 

analytes) to minute differences between the two classes. However, the pixel-based analysis did 289 

have two false positives interspersed within the hit lists.  290 
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 420 

Figure Captions 421 

 422 

Figure 1. Data analysis workflow for the calculation of the Fisher ratios for the peak table, tile, 423 

and pixel based approaches. 424 

  425 



Figure 2. The novel tiling scheme developed for the tile-based F-ratio approach is shown for 426 

nitromethane. (A) Tiling scheme 1 is shown. (B) Tiling scheme 2 is shown. (C) F-ratio spectrum 427 

for the highlighted portion of A is shown. The top ten m/z were used to calculate the average F-428 

ratio of 123. (D) F-ratio spectrum for the highlighted portion of B is shown. The top ten m/z were 429 

used to calculate the average F-ratio of 88.7. Due to the tiling scheme there are three “hits” for 430 

nitromethane. The redundant hit removal omits the two lower “hits” and only keeps the 431 

maximum F-ratio value. 432 

 433 

Figure 3. The calculation of the F-ratio for the pixel-based F-ratio approach is shown for 434 

nitromethane. (A) The F-ratio is shown for all m/zs. (B) The top ten m/zs from A were used to 435 

calculate the average F-ratio. The in-house written peak finding algorithm was then used to find 436 

the maximum average F-ratio. 437 

 438 

Figure 4. (A) Total ion current (TIC) of the gasoline sample spiked with nine non-native 439 

analytes at a nominal concentration of 250 ppm. (B) A zoom-in of A where 2-propanol and 440 

nitromethane elute. (C) The most intense m/z, m/z 61, of nitromethane is shown. (D) Mass 441 

spectrum from the retention time (tR) of nitromethane (black) is plotted against the library 442 

spectrum of nitromethane (red). The m/z 61 is at a relative intensity of ~1.5% compared to the 443 

most intense m/z, 79.  444 



Table 1 

 

 Nominal Spike Amount (ppm) 

Name 250 85 25 5 

2-Propanol 257.2 87.9 26.2 5.8 

Pyridine 256.8 87.7 26.1 5.8 

1-Octanol 251.2 85.8 25.6 5.6 

Cyclooctene 255.2 87.2 26.0 5.7 

Dodecane 249.9 85.4 25.4 5.6 

Cycloheptane 248.5 84.9 25.3 5.6 

Nitrobenzene 254.9 87.1 25.9 5.7 

Nitromethane 255.7 87.4 26.0 5.7 

Cyclohexanone 250.8 85.7 25.5 5.6 
 

Table 1. The actual concentrations are shown in ppm for each nominal spike concentration for 

the nine non-native analytes. The nominal concentrations are used occasionally in the text for 

brevity and clarity.  

 

 



Table 2 

 

Name t
R
 (Min) 250 vs 0 

(24.7 Null) 
85 vs 0 

(45.6 Null) 
25 vs 0 

(56.6 Null) 
5 vs 0 

(50.6 Null) 

2-Propanol 1.07 N/A N/A N/A N/A 

Nitromethane 1.52 #3 / 604 #2 / 198 #17 / 5.0 N/A 

Cycloheptane 2.44 N/A N/A N/A N/A 

Pyridine 3.18 #51 / 2.5 N/A N/A N/A 

Cyclooctene 4.12 #27 / 3.8 #400 / 0.07 #206 / 1.0 #246 / 1.0 

Cyclohexanone 5.65 #1 / 2704 #7 / 9.9 N/A N/A 

1-Octanol 7.12 #14 / 6.9 #180 / 1.1 #235 / 0.6 # 116 / 3.6 

Dodecane 7.52  #5 / 53.0 # 13/ 6.5 N/A N/A 

Nitrobenzene 9.14 #2 / 2318 #1 / 1848 #1 / 744 #1 / 384 

 

Table 2. Summary of the hit lists for the peak table-based approach for calculation of the F-

ratios. The spiked analytes are sorted by their retention time, tR. The null threshold for each 

comparison was used to determine the statistical threshold for evaluating the hit lists. 

 

 



Table 3 

 

Name t
R
 (Min) 250 vs 0 

(20.5 Null) 
85 vs 0 

(20.6 Null) 
25 vs 0 

(18.0 Null) 
5 vs 0 

(20.7 Null) 

2-Propanol 1.07 #32 / 6.6 N/A N/A N/A 

Nitromethane 1.52 #10 / 123 #9 / 12.3 #52 / 4.1 #17 / 7.6 

Cycloheptane 2.44 #11 / 41.2 # 27 / 4.2 # 170 / 1.3 N/A 

Pyridine 3.18 #4 / 522.5 #3 / 92.3 #8 / 8.4 N/A 

Cyclooctene 4.12 #2 / 1292 #5 / 72.0 #6 / 9.2 #1 / 11.4 

Cyclohexanone 5.65 #7 / 346 #4 / 77.1 #3 / 14.3 N/A 

1-Octanol 7.12 #5 / 395 #6 / 66.2 #4 / 10.3 N/A 

Dodecane 7.52 #3 / 951 #2 / 152 #2 / 27.7 N/A 

Nitrobenzene 9.14 #1 / 2021 #1 / 443 #1 / 36.4  # 39 / 4.9 

 

Table 3. Summary of the hit lists for the tile-based approach for calculation of the F-ratios. The 

spiked analytes are sorted by their tR. The null threshold for each comparison was used to 

determine the statistical threshold for evaluating the hit lists. No false positives were found 

above the statistical threshold, but pyridine was found as a redundant hit several times due to a 

non-Gaussian peak shape.  

 



Table 4 

Name t
R
 (Min) 250 vs 0 

(33.9 Null) 
85 vs 0 

(34.5 Null) 
25 vs 0 

(31.8 Null) 
5 vs 0 

(33.7 Null) 

2-Propanol 1.07 #12 / 41.4 #37 / 5.1 N/A N/A 

Nitromethane 1.52 #9 / 243 #8 / 42.2 #5 / 23.6 N/A 

Cycloheptane 2.44 #10 / 68.2 # 22 / 7.72 N/A N/A 

Pyridine 3.18 #6 / 1093 #5 /131 N/A N/A 

Cyclooctene 4.12 #5 / 1842 #6 /103 # 13 / 15.6 #2 19.3 

Cyclohexanone 5.65 #4 / 1982 #3 / 331 #2 / 92.2 N/A 

1-Octanol 7.12 #3 / 3683 #4 / 191 # 9 / 15.6 N/A 

Dodecane 7.52 #2 / 3761 #2 / 449 #3 / 80.0 N/A 

Nitrobenzene 9.14 #1 / 7836 #1 / 4173 #1 / 545.0 #1 / 36.7 

 

Table 4. Summary of the hit lists for the pixel-based approach for calculation of the F-ratios. The 

spiked analytes are sorted by their tR. The null threshold for each comparison was used to 

determine the statistical threshold for evaluating the hit lists. Several redundant hits (pyridine) 

and two false positives were found without the hit lists. The pixel-based method was the most 

sensitive approach for “discovering” the nine spike analytes. 
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Highlights  

• Fisher ratio (F-ratio) analysis is used to discover class distinguishing compounds 

• Three different F-ratio approaches: peak table, tile, and pixel-based are assessed 

• Novel methodology for the tile and pixel-based approaches are introduced   

• Null distribution analysis used to determine a statistical F-ratio cutoff 

• The pixel-based F-ratio methodology was the most sensitive F-ratio technique 
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