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Abstract:

A simple, highly accurate gene expression ratio-based methodology has been shown to be useful in the diagnosis
and prognosis of cancer. This “Gene-Ratio Method” affords many advantages over similarly accurate mMRNA-based
assays that make it more suitable for clinical applications. It was determined that the gene ratio technique could be
generally applied to other publicly available gene expression data representing a variety of normal and diseased
human tissue types. This technique was able to distinguish in a statistically significant manner between normal and
tumor tissues as well as among different tumor types and benign diseases using data from both cDNA and
oligonucleotide microarray platforms.

Introduction:

The last decade has held the (relatively unfulfilled) promise for substantial improvements in existing cancer diagnosis
and prognosis by analyzing global gene expression patterns. The most frequently used tools for these studies are
microarrays (or similar devices) and sophisticated computer algorithms. Commercially available microarrays, small
substrates to which a large number of genes or oligonucleotides (portions of genes) are bound as distinct spots, are
capable of measuring the expression of as many as 40,000 genes and may be custom-made with relative ease.
These devices are similar in principle to computer chips and quantify gene expression levels using selective
hybridization of fluorescently dyed nucleic acid derivatives from a given tissue. Microarray-based technology has
been used in proof-of-principle studies to classify human cancers and link gene expression patterns to patient clinical
outcome (3, 4, 9, 11, 18, 23, 29, 38, 45, 46).

Interpretation of data generated from gene profiling with microarrays has so far required sophisticated computer
algorithms and complex bioinformatics tools, leaving the practical use of expression profiling data beyond the scope
of many scientists and clinicians (1, 24). To-date, no comprehensive method has been proposed to translate the
results of tumor profiling to the analysis of a single tissue at a time. The crux of the problem is that current
techniques of analysis allow classification of tumors only in groups and with inadequate reference to previous
experiments. Also, the nature of bioinformatics tools (i.e. software) currently being used to analyze microarray data
necessitates the use of a cohort of samples for adequate training, rendering the interpretation of data from any
additional single sample impossible if its expression data was not acquired using the same platform.

Thus, despite approximately 1,500 peer-reviewed published scientific studies that use gene signatures in the
diagnosis and prognosis of diseases’, there are a relatively small number of candidate predictive gene panels that
have been validated in independent cohorts. Among these studies only two are in clinical use, both for predicting
recurrence in patients with resected breast cancer (40, 44, 45). In addition, a number of test-specific technical
barriers serve to impede the translation of such prospective clinical tests from discovery to clinical implementation
(40). These include between-platform variability, complex bioinformatics-based algorithms that are not easily
reproducible, lack of sufficient frozen specimens of a quality adequate for test validation, and the necessity of lengthy
patient follow-up for cancer prognosis validation, among others.

Recent publications describe a novel method that allows the translation of complex gene expression profiling into
relatively simple clinical tests that overcome many of the limitations preventing the routine use of mRNA-based
assays in the clinical management of cancer patients (5, 10, 12-17). This algorithm (i.e., the “Gene-Ratio” Method)
identifies genes that are differentially expressed between two clinically distinct conditions and calculates the ratio of
gene expression levels for a pair of two genes that can predict the condition alone or in combination with additional

'PubMed searches conducted on July 23, 2009 using key word phrases “diagnostic gene signature” and “prognostic
gene signature”. (http://www.pubmed.gov)
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gene ratios. In contrast to traditional approaches, both genes in such a gene pair ratio are informative, and by its use
of a unitless ratio, this technique has the major advantages of platform-independence and facile applicability to
individual specimens. In this report, we tested the hypothesis that this classification technique could be extended to
multiple human diseases (primarily cancers) using previously published and freely available microarray data
associated with both oligonucleotide and cDNA platforms. These data represent independent studies performed by a
wide variety of investigators in multiple tissue types and using multiple platforms.

Materials and Methods:

Microarray Data. Previously published microarray data (1, 2, 4, 6-8, 11, 19-22, 24-27, 29, 30, 32-39, 41-43, 45, 47,
48) were downloaded from the following repositories: the Gene Expression Omnibus (GEO,
http://www.ncbi.nlm.nih.gov/geo/), the European Bioinformatics Institute (ArrayExpress,
http://www.ebi.ac.uk/microarray-as/ae/), the Stanford Microarray Database (SMD, http://genome-
www5.stanford.edu/), The Broad Institute (http://www.broad.mit.edu/), and the Oncomine Cancer Microarray
Database (http://www.oncomine.org/). Each microarray data set contained two tissue types that were differentiated
by some clinically relevant diagnostic or prognostic classification. See Table 1 for details. Each tissue type was
arbitrarily divided into two equally sized sample sets: a “training set” for development of gene ratio tests and a “test
set” for evaluation of the optimal gene ratio test (“Trial 1”). In a related analysis, the roles of the training and test sets
were reversed to gauge the robustness of the gene ratio technique (“Trial 27).

Selection of Predictor Genes. The selection of predictor genes (i.e. genes that are differentially expressed in the
tissue types being analyzed) was performed, in effect, as previously described using standard statistical techniques
(5, 12, 13-15). Essentially, we used a two-sided Student’s (parametric) t-test on the training set for pair-wise
comparisons of average gene expression levels of all genes represented on the microarray to identify those genes
differentially expressed in a statistically significant manner between the two tissue types. Cut-off P values were
optimized on a case-by-case basis to minimize the false-discovery rate (<10%) and take into account multiple
hypothesis testing. To further reduce the risk of false positives and increase the signal-to-noise metric of predictor
genes, we chose for additional consideration those genes with a  2-fold difference in average expression levels and
an average gene expression level >X in at least one of the two subsets where “X” represented an empirically
determined average expression level that resulted in a small number of genes with an average expression level
highly above the background noise on the chip. This number was optimized in each case by incremental increases
starting from the target intensity of the chip (for Affymetrix oligonucleotide arrays) or median expression level (for
cDNA arrays) until no fewer than 10 candidate genes resulted.

Generation and Evaluation of Gene Ratio Tests. The four most statistically significant known genes (i.e., no
ESTs) overexpressed in both tissue types (i.e., 8 genes total) from each individual training set were used to
determine whether expression ratios could accurately classify the samples used to train the model. We calculated a
total of 16 possible expression ratios per sample by dividing the expression value of each of the 4 genes expressed
at relatively higher levels in tissue type “X” by the expression value of each of the 4 genes expressed at relatively
higher levels in tissue type “Y”. Samples with ratio values >1 were predicted to be “X” and those with ratio values <1
were predicted to be “Y”. The most accurate individual gene pair ratios were chosen for further study. To incorporate
the predictive accuracy of multiple ratios, we calculated the geometric mean, (R1R2R3)1l3 where R; represents a single
ratio value, of multiple ratios similar to previous studies (12, 13, 15, 16). This is the mathematical equivalent to the
average of [logz(R1), log2(R2), log2(Rs)], thereby giving equal weight to ratio fold-changes of identical magnitude but
opposite direction. (However, unlike these cited studies, we only used the geometric mean of multiple ratios when
two or more ratios shared the highest classification accuracy. Accordingly, we expect that our classification
accuracies would improve in some cases if ratios were combined in a case specific manner as they were in the cited
studies.) This ratio test was then used to classify the test set samples using the same technique (Figure 1).
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Figure 1. Graphical representation of select gene expression ratios with the highest classification accuracies from
Analysis 6, Trial 1. Samples 1 through 6 were clinically diagnosed as lung adenocarcinoma, samples 7 through 16
were normal lung tissues. In this case, ratio values >1 predicted a diagnosis of adenocarcinoma, while ratio values <1
predicted normal lung tissue. The select gene ratios are thirteen of the sixteen possible gene ratios generated
through combination of the eight predictor genes (see Materials and Methods sections Selection of Predictor Genes
and Generation and Evaluation of Gene Ratio Tests). (The classification accuracy found in Table 1 for Analysis 6
Trial 1 represents only those gene ratios with classification accuracies of 100%.)
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Statistical Analysis. The classification accuracy of the gene ratio tests in the test sets were independently assessed
using two methods. In one case, we used an exact one-sample binomial test. The P-values are reported under the
null hypothesis of classification randomly assigned with equal probability of 0.5 based on one-sided tests in order to
reject lower levels of accuracy. These tests were performed online at Simple Interactive Statistical Analysis (SISA,
http://home.clara.net/sisa/binomial.htm). Second, a more conservative Goodman-Kruskal tau statistic and Chi-square
P-value approximation to rule out chance events was calculated using SPSS 13.0 (©1989-LEAD Technologies, Inc.).
Since our method is not case specific for a given human disease, adjustment of the P-values using a Bonferroni
procedure or any other is not necessary.

Results

We performed a total of 36 independent analyses with 36 different tissue types using microarrays containing between
~1,500 and ~40,000 genes (Table 1). Two different microarray platforms were examined; approximately two-thirds of
the microarrays were cDNA arrays with the remainder consisting of high-density oligonucleotide arrays. The majority
(85%) of analyses involved cancer and were associated either with diagnosis or prognosis.

In total, 81% (29/36) of the analyses resulted in the identification of a gene ratio test associated with statistically
significant (P<0.05, binomial test) predictions in Trial 1 and Trial 2 thus attesting to the general robustness of the
gene ratio technique. Only a single analysis (Analysis 7) did not identify a statistically significant gene ratio test in
either Trial 1 or Trial 2. Similar results were obtained using the more conservative Chi-Square analysis. No obvious
trends in classification accuracy were apparent between analyses conducted using oligonucleotide or cDNA
microarrays.



Table 1. All analyses with tissue types, sample sizes, total number of genes on microarray, classification accuracy,
and statistical results. Both ¢cDNA and oligonucleotide microarrays were used; cDNA expression values were
converted to absolute values to mimic oligonucleotide array. Sample Size shows the total number of samples for the
analysis with the sample sizes of the individual tissue types in parentheses. Classification Accuracy shows the
percentage of samples in each trial for which the gene ratio test correctly predicted the clinical diagnosis. P-values
were calculated using both an exact one-sample binomial test and a Chi-Square P-value approximation. Significant
P-values (<0.05) calculated from the binomial test are in bold font.

Classification

P-Value

P-Value

Accuracy (Binomial Test) (Chi-Square)
Sample Genes on
Analysis # Tissue Types Compared Reference Size Microarray | Trial 1 | Trial 2 | Trial 1 Trial 2 | Trial1 | Trial 2
1 Enrometrioid vs Mucinous Ovarian Adenocarcinoma 43 21(11:10) 10,239 80% | 91% 0.055 |5.86E-03| 0.720 | 0.008
2 Colorectal vs Gastric Adenocarcinoma 43 33(20:13) 10,239 88% 94% | 2.09E-03 | 1.37E-04 | 0.003 | <0.001
3 Crohn's Disease vs Ulcerative Colitis 7 20(10:10) 33,792 90% 80% 0.011 0.172 0.014 | 0.134
4 Normal Tissue vs Crohn's Disease 7 21(11:10) 33,792 90% 73% 0.011 | 5.90E-03| 0.014 | 0.009
5 Normal Tissue vs Ulcerative Colitis 7 21(11:10) 33,792 90% | 100% 0.011 | 4.88E-04| 0.014 | 0.002
6 Normal Lung vs Lung Adenocarcinoma 22 31(19:12) 40,368 100% | 100% | 3.00E-05 | 1.50E-05 | <0.001 | <0.001
7 Neuroendocrine vs Small Cell Lung Carcinoma 22 23(15:8) 40,368 55% 75% 0.500 0.073 0.572 | 0.176
8 Eéﬁsgn?;pe vs T-Cell Type Acute Lymphoblastic 8 30(20:10) | 9,984 | 100% | 100% | 6.10E-05 | 3.00E-05 | <0.001 | <0.001
9 Head and Neck Squamous Cell Carcinoma; Lymph 6 47(31:16) | 15389 | 61% | 79% | 0047 |3.31E-03| 0.101 | 0.009
Node Metastasis vs No Metastasis
10 Normal Breast vs Luminal like ER+ Breast Cancer 29 43(30:13) 9,216 100% 95% | 4.70E-07 | 5.00E-06 | <0.001 | <0.001
11 Normal Breast vs Basal-like Breast Cancer 29 23(13:10) 9,216 91% 92% | 5.90E-03 | 3.20E-03 | 0.009 | 0.005
12 Luminal like ER+ vs Basal-like Breast Cancer 29 40(30:10) 9,216 100% | 100% | 9.50E-07 | 9.50E-07 | <0.001 | <0.001
13 Breast Cancer Response to Tamoxifen; Disease Free 2 60(32:28) 22575 53% | 73% 0428 |s.06e-03| 0551 | 0.012
vs Cancer Recurrence
14 Leukemia Response to Chemotherapy; Good 19 33(22:11) | 41,665 | 75% | 71% | 0.038 | 0072 | 0.155 | 0.224
Response v. Poor Response
15 _';‘;r;':sa' Breast Tissues; Luminal vs Myoepithelial 21 52(26:26) | 9,984 92% | 100% | 5.00E-06 | 1.00E-08 | <0.001 | <0.001
16 Benign Gastric Mucosa vs Primary Gastric Cancer 25 112(90:22) 6,688 7% 73% 1.00E-05 | 3.42E-04 | <0.001 0.001
17 | Breast Carcinoma; Solitary Fibrous Tumour vs 47 | 2313:10)| 45207 | 100% | 100% | 4.88E-04 | 2.44E-04 | 0.002 | 0.001
Desmoid-type Fibromatosis
18 Serous Ovarian Cancer; Primary vs Metastasis 35 36(28:8) 39,726 100% | 100% | 3.00E-06 | 3.00E-06 | <0.001 | <0.001
19 Prostate Cancer; Normal vs Tumor 24 103(61:42) 5,153 96% 94% | 1.00E-08 | 1.00E-08 | <0.001 | <0.001
20 | ymphoma; Diffuse Large B Cellvs Actvated/Germinall 53| 64(38:26) | 12,598 | 90% | 90% | 7.00E-06 | 8.00E-07 | <0.001 | <0.001
21 Breast Cancer Overall Survival; <5 years vs >5 years 45 78(44:34) 24,481 72% 79% | 1.69E-03 | 1.47E-04 | 0.003 | <0.001
22 Large Cell vs Small Cell Lung Cancer 22 27(15:12) 40,368 86% 92% | 6.47E-03 | 1.71E-03 | 0.011 0.003
23 Acute Lymphoblastic Leukemia vs Lymphoblastic 1 44(24:20) | 1,427 | 100% | 100% | 2.30E-07 | 2.30E-07 | <0.001 | <0.001
Leukemias with MLL translocations
24 ﬁgb‘tkin'\:'ée'o'd Leukemia vs Acute Lymphoblastic 11 72(47:25)| 6,787 | 100% | 95% | 1.00E-08 | 1.00E-08 | <0.001 | <0.001
25 Papillary Thyroid Carcinoma vs Normal Thyroid 20 16(8:8) 9,658 88% 88% 0.035 0.035 0.040 | 0.040
26 Large B-cell Lymphoma; Mediastinal vs Diffuse 34 90(56:34) 44,928 86% 68% | 1.00E-08 0.061 <0.001 | 0.091
27 Colon Cancer v. Normal Colon 27 36(18:18) 7,464 100% | 100% | 3.81E-06 | 3.81E-06 | <0.001 | <0.001
28 Medulloblastomas vs Other Brain Tumours 30 34(14:10) 7,128 71% 72% 0.072 0.048 0.160 | 0.470
29 Renal Cancer vs Other Uteral Tumours 32 21(11:10) 10,406 100% | 100% 0.031 |[9.76E-04 | 0.046 | 0.003
30 Soft Tissue Sarcoma vs Clear Cell Sarcoma 37 52(47:5) 12,559 96% 93% | 1.00E-06 | 2.40E-05 | 0.001 1
31 Diffuse Large B-cell Lymphoma vs Follicular 38 77(58:19) | 5669 | 79% | 89% |1.47E-04|2.60E-07 | 0.056 | <0.001
Lymphoma
32 Normal Lung vs Pulmonary Carcinoid 4 37(20:17) 12,600 100% | 100% | 3.81E-06 | 1.90E-06 | <0.001 | <0.001
33 Ewing’s Sarcoma vs Pediatric Rhabdomyosarcoma 2 20(11:9) 12,559 89% 100% 0.020 4.88E-04 | 0.025 | 0.002
34 Oxidatively Elicited Macular Degeneration Patients vs 42 36(18:18) 12,625 100% | 94% |3.81E-06 | 7.20E-05 | <0.001 | <0.001
Healthy Controls
35 No or Mild Emphysema vs Severe Emphysema 41 30(18:12) 22,283 73% 80% | 3.69E-03 0.018 0.072 0.022
36 Prostate Cancer vs Normal Prostate 39 100(50Z50) 12,600 84% 82% 4.70E-07 | 2.00E-06 | <0.001 | <0.001




Discussion:

Our results suggest that the gene ratio methodology is useful for discriminating among a wide variety of normal and
diseased human tissues with gene expression data acquired on multiple types of microarray platforms from multiple
manufacturers. The classification accuracies (and associated P-values) were encouraging within this limited proof-of-
principle study since no additional attempt was made to further optimize the selection of predictor genes or gene ratio
tests for any specific comparison. It is likely that this additional refinement would result in even greater statistically
significant classification accuracy.

Analysis 30 demonstrated the importance of using a relatively high number of samples for both tissue types in an
analysis or having roughly equal sample sizes for both tissue types. While Trial 2 in Analysis 30 had a classification
accuracy of 93% and a P-value of 2.4 x10” calculated using the binomial test, the P-value from the Chi-Square
approximation was 1. Because there were only five clear cell sarcoma samples compared to forty-seven soft tissue
sarcoma samples, the ratio test produced the deceptively high classification accuracy by selecting for gene ratios that
were not discriminatory but rather classified all samples as soft tissue sarcoma. This case also demonstrated the
utility of the P-value from the Chi-Square approximation which, unlike the binomial test, takes into account the size of
each sample subset.

Sub-optimal classification accuracy for Analysis 7 may also be due to relatively small sample sizes. Interestingly, the
original analysis of these data (22) reaches the same conclusion; that these two subclasses of tumors should not be
classified as distinct entities but instead as a single class (high grade neuroendocrine carcinoma).

In summary, we have shown that the gene ratio technique is likely to be widely applicable to a variety of human
diseases and as such may facilitate increased usage of mRNA-based clinical assays for the identification of tissue
type, most notably in the context of cancer.
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