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Genomic analysis of tumors is rapidly becoming routine clini-
cal practice. Estimates of the proportion of patients whose 
testing changes their trajectory of care vary from approxi-

mately 10% to more than 50%, depending on tumor type and clini-
cal setting1–4. Growing evidence suggests that patients who receive 
personalized therapy have better outcomes5. For example, the use 
of matching scores based on the number of genomic aberrations 
and therapeutic associations for each patient demonstrated that 
high matching scores are independently associated with a greater 
frequency of stable disease, longer time to treatment failure and 
greater overall survival4. Improved progression-free survival rates 
were observed in 43% of next-generation sequencing (NGS)-tested 
patients who received a genome-guided therapy, as compared to 
only 5.3% of patients who did not2. The IMPACT trial, which tested 
advanced-stage tumors from 3,743 patients and matched approxi-
mately 19% of patients on the basis of their tumor biology, reported 
a 16.2% objective response rate for patients with matched treatments 
versus a 5.2% rate with non-matched treatments. Additionally, the 
rate of 3-year overall survival for patients treated with a molecularly 
matched therapy was more than twice that of non-matched patients 
(15% versus 7%)6.

The Tempus xT assay tests matched tumor and normal sam-
ples and generates DNA alteration data for single nucleotide 
variants (SNVs), insertions and deletions (indels) and copy num-
ber variants (CNVs) for approximately 600 genes, plus chromo-
somal rearrangements for 21 genes7. Tempus xT also provides 
whole-transcriptome RNA sequencing (RNA-seq), which detects 
clinically validated fusion transcripts and provides research use 
only (RUO) information regarding dysregulated genes and can-
cer type predictions for tumors of unknown origin (TUOs).  

xT immuno-oncology (IO) assays include clinical immunohisto-
chemistry (IHC) testing for DNA mismatch repair (MMR) defi-
ciency and PD-1/PD-L1 status, clinical genomic determination 
of microsatellite instability (MSI) status, measurement of tumor 
mutational burden (TMB), neoantigen predictions and RUO gene 
expression analyses of the tumor microenvironment (TME)7–11. 
We have previously described laboratory and analytic processes, 
including additional machine learning approaches for integrating 
genomic and imaging data generated during the course of cancer 
diagnosis and treatment7,12.

Integrating DNA- and RNA-seq data into the analyses of patient 
samples to produce clinically validated patient reports requires 
advanced bioinformatics and data analytics. Properly interpreting 
results also requires clinical context, including patient data from 
physician notes and tests. Together, the genomic sequencing, com-
putational algorithms, and software built to communicate patient 
clinical profiles and molecular test results to physicians are referred 
to as the Tempus platform. Here we examined the results of apply-
ing the Tempus platform to a cohort of 500 randomly selected 
patients with common tumor types, rare tumors and TUOs. We 
present clinical and RUO analyses from tumor–normal matched 
Tempus xT DNA- and RNA-seq testing on the DNA mutational 
spectra, whole-transcriptome profiling, chromosomal rearrange-
ment detection, and the immunogenomic landscape based on 
immunotherapy biomarkers in the xT 500 cohort across multiple 
tumor types. Molecular insights derived from these analyses were 
used to match patients with evidence-based therapies and clinical 
trials. Lastly, we present a comparison of the Tempus platform to 
tumor-only sequencing, examining germline versus somatic variant 
detection and therapeutic matching.
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Results
xT 500 analysis cohort. We selected a cohort of 500 paired tumor–
normal samples sequenced with the xT assay in 2017 or 2018, which 
we refer to as the xT 500 cohort. The cases included were randomly 
selected from the Tempus de-identified database of structured 
genomic and clinical data. To be eligible for inclusion in the cohort, 
each case required complete data elements for tumor–normal DNA-
seq and clinical data from abstracted medical records. After filtering 
for eligibility, a set of patients was sampled via a pseudo-random 
number generator. Patients were assigned to one of eight cancer types 
on the basis of pathologic diagnosis, with 50 patients per category of 
brain, breast, colorectal, lung, ovarian, endometrial, pancreatic and 
prostate cancer types. Additionally, 50 tumors from a combined set 
of rare malignancies and 50 TUOs were included, for a total of 500 
patients. The xT 500 cohort was roughly balanced between male and 
female patients (n = 212 and n = 288, respectively), given the tumor 
types included. The specimens sequenced were primarily from 
patients with advanced-stage cancer, with 7.8% from patients with 
recurrent metastatic disease (Supplementary Table 1).

Genomic analyses of the xT 500 cohort. We examined the xT 500 
mutational spectra in comparison to broad patterns of genomic 
alteration observed in large-scale studies across cancer types (see 
Methods). First, we identified alterations by gene (Fig. 1a and 
Supplementary Fig. 1) and found that the most commonly mutated 
genes were well-known for driver mutations, including TP53, KRAS, 
PIK3CA, CDKN2A, PTEN, ARID1A, APC, ERBB2 (HER2), EGFR, 
IDH1 and CDKN2B. As expected, homozygous deletions were com-
monly observed in the tumor suppressor genes CDKN2A, CDKN2B 
and PTEN. Mutational spectrum data were compared to a published 
pan-cancer analysis using the Memorial Sloan Kettering Cancer 
Center (MSKCC) IMPACT panel (Fig. 1b)13. The same commonly 
mutated genes were observed at similar relative frequencies in the 
two datasets, indicating that the xT 500 mutational spectra are rep-
resentative of tumors sequenced in this previous large-scale study.

As part of the xT assay, each sample underwent whole-tran-
scriptome profiling by RNA-seq. Cancer type was predicted using 
a random forest classifier trained on an internal gene expression 
reference database with labels from 33 cancer types (see Methods). 
Cancers were correctly classified for 100% of breast, 98% of pros-
tate, 96% of brain and ovarian, 94% of colorectal, 92% of pancre-
atic, 88% of lung and 58% of endometrial tumor samples (Fig. 2). 
In 60% of misclassifications, the second prediction was matched 
to the cancer diagnosis. In 36% of misclassifications, gynecologic 
cancers (ovarian and endometrial) accounted for the difference 
and the classification was influenced by low tumor purity, as in the 
case of misclassified endometrial cancers (P = 0.02; Supplementary  
Fig. 2a,b). Another notable trend was the misclassification of lung, 
rare and unknown origin squamous cell carcinomas (SCCs) as head 
and neck SCC due to a shared SCC signature14. A total of 11.1% of 
misclassifications were affected by signal contributions from back-
ground tissue transcriptome profiles, as in the case of misclassified 
metastatic samples (P = 0.09; Supplementary Fig. 2c). Because the 
classifier was accurate for most tumor types, most TUOs could be 
matched to the appropriate tissue of origin.

We also evaluated oncogenic gene fusions15. Fusions were 
detected by DNA-seq of 21 common gene rearrangement targets 
and by whole-transcriptome RNA-seq analysis (see Methods)7. Of 
the fusions detected, 26 were identified by both DNA- and RNA-
seq, 2 were detected by DNA-seq alone, and 4 were detected by 
RNA-seq alone (Supplementary Fig. 3a). Within the four RNA-
seq-detected fusions, two were potentially detectable but were not 
detected by DNA-seq, and two were not detected because they were 
not represented in the breakpoints assayed in DNA-seq, illustrating 
the value of an unbiased whole-transcriptome approach for fusion 
identification. The predicted structures of these two fusions were 

further examined, revealing in-frame fusions with intact tyrosine 
kinase domains, such as RET and NTRK3, which are therapeutically 
targetable (Supplementary Fig. 3b,c).

We next characterized the immunogenomic landscape of the xT 
500 cohort. TMB is a key biomarker of immunotherapy response8,16. 
In the cohort, TMB ranged from 0 to 54.2 mutations per megabase 
of DNA across cancer types, with a median of 2.09 (see Methods; 
Fig. 3a). These xT assay-derived TMB values were highly correlated 
with whole-exome TMB (see Methods; Supplementary Fig. 4). We 
identified a hypermutated tumor population across cancer types 
with significantly higher median TMB. These TMB-high samples 
included cancers previously associated with a low TMB, such as 
glioblastoma. Consistent with previous reports, TMB was highly 
correlated with neoantigen load (R = 0.931, P = 8.20 × 10−199), which 
is an estimate of the number of somatic mutations presented to the 
immune system (see Methods; Fig. 3b). The TMB-high population 
also contained all MSI-high (MSI-H) samples (see Methods). The 
remaining TMB-high samples were associated with mutational sig-
natures related to smoking, UV exposure and APOBEC-mediated 
mutagenesis (see Methods; Supplementary Fig. 5).

We then assessed the relationship between tumor immunogenic-
ity and the levels of immune infiltration and activation. Cytotoxic 
immune activity levels measured by the cytolytic index (CYT) were 
significantly higher in hypermutated populations (P = 1.95 × 10−4 
for TMB-high, P = 2.50 × 10−2 for MSI-H; Fig. 3c) (see Methods)17,18. 
Additionally, an estimation of the immune cell composition using 
an RNA deconvolution model (see Methods) revealed that inflam-
matory cells, such as CD8+ T  cells and M1 macrophages, were 
significantly higher in TMB-high samples (P = 4.9 × 10−4 and 
P = 1.4 × 10−7, respectively), whereas frequencies of non-inflamma-
tory immune cells, such as monocytes, were significantly higher in 
TMB-low samples (P = 2.0 × 10−4) (Fig. 3d).

Increased immune pressure from infiltrating immune cells can 
lead tumors to express higher levels of immune checkpoint mol-
ecules, such as PD-L1 (CD274). Accordingly, RNA-seq determined 
that PD-L1 expression was significantly higher in the immune-infil-
trated TMB-high tumors (P = 6.69 × 10−4; Fig. 3e). CD274 expres-
sion was also highly correlated with the expression of its binding 
partner PDCD1 (PD-1) on immune cells (R = 0.59, P ≤ 2.2 × 10−16), 
as well as T cell lineage-specific markers, such as CD3E (R = 0.63, 
P ≤ 2.2 × 10−16; Fig. 3f). Furthermore, samples that stained posi-
tive for PD-L1 via Tempus’ clinically validated IHC tests clustered 
with higher CD274 RNA expression levels, suggesting that CD274 
expression may be an indicator of PD-L1 protein levels.

Finally, a 28-gene interferon (IFN)-γ-related signature was 
used to determine whether any patients lacking classically defined 
immunotherapy biomarkers exhibited traits of immunologically 
active tumors (see Methods)19. We found that tumor samples could 
be broadly categorized as immunologically active or silent tumors. 
Our results support this stratification, with the immunologically 
active population enriched for samples that were TMB-high, MSI-H 
or PD-L1 IHC-positive (Fig. 3g). Patients within this immunologi-
cally active cluster who lack traditional immunotherapy biomarkers 
represent an interesting population that might benefit from immu-
notherapy. Overall, the IFN-γ signature scores were significantly 
different between patients on the basis of their immunotherapy 
biomarker status (P = 3.77 × 10−4; Fig. 3h). In particular, TMB-high, 
MSI-H or PD-L1 IHC-positive and TMB-high tumors expressed 
higher levels of IFN-γ-related genes than tumors lacking these bio-
markers (P ≤ 0.05).

Identification of therapeutic options and clinical trials. We 
investigated the extent to which molecular profiling aids in identi-
fying therapies and clinical trials. First, we identified the proportion 
of patients matched to therapies within each therapeutic evidence 
tier (see Methods). Evidence tiers contain somatic biomarker  
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information related to therapeutic response and/or resistance and 
are divided into four categories: tier I level A (IA), tier I level B 
(IB), tier II level C (IIC) and tier II level D (IID). Tiers are ranked 
according to the strength of biomarker evidence, ranging from 
consensus clinical guidelines to case reports and preclinical evi-
dence20. Across all cancer types, 91.4% of patients were matched to 

a therapeutic option on the basis of all evidence levels for response 
to therapy, and 22% of patients were matched to a therapeutic 
option on the basis of all levels of evidence for resistance to therapy 
(Fig. 4a). Together, response and resistance matching based on the 
highest evidence tiers (IA and IB) accounted for 29.6% of cases, 
whereas 62% of cases were matched for either response or resistance  
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on the basis of evidence of lower clinical utility (IIC and IID)  
(Fig. 4a and Supplementary Table 2). The tiers of evidence-based 
therapies matched to patients varied significantly by cancer type 
(Fig. 4b). For example, 56% of matches for patients with lung can-
cer were made using tier IA evidence for EGFR, KRAS and MET, 
as well as targets that have emerged more recently, such as BRAF 
and ERBB2 (HER2). Additionally, 58% of matches for patients 
with colorectal cancer used tier IA evidence, most of which were 
based on resistance to therapy due to KRAS mutations. In contrast, 
patients with pancreatic cancer were matched exclusively accord-
ing to lower-tier evidence on the basis of resistance to anti-EGFR 
therapy due to KRAS mutations.

We next determined the contribution of each molecular assay 
component to therapy matching. First, therapeutic matches based 
on clinically actionable CNVs, SNVs and indels were examined 
(Supplementary Fig. 6a,b). CNVs accounted for tiers IA and IB evi-
dence-based matching of 29 patients (160 patients across all levels of 
evidence). SNVs and indels accounted for tiers IA and IB evidence-
based matching of 124 patients (429 patients across all levels of evi-
dence). Although most patients exhibited a mutation within a gene of 
clinical relevance, the context of these mutations within tumor type 
and evidence level was considered to fully assess their clinical util-
ity (Supplementary Fig. 6c). Some of the most commonly mutated 
genes had low-level evidence or evidence related to resistance. For 
instance, TP53 had tier IIC evidence and drugs in clinical trials, 
whereas KRAS had tier IA evidence in two cancer types for resis-
tance to anti-EGFR therapy. Many of the less common mutations  

had tier IA evidence for targeted therapies across a variety of can-
cer types. A notable example was PARP inhibitors for BRCA1- and 
BRCA2-mutated breast and ovarian cancers, which are currently in 
clinical trials and are used off-label in other cancer types harboring 
BRCA mutations, such as prostate and pancreatic cancers.

Therapeutic options were also matched to clinically relevant 
gene fusions detected via DNA- and RNA-seq (Supplementary  
Fig. 6d). These fusions were clear drivers of cancer, part of consen-
sus therapeutic guidelines, and identified with high sensitivity by the 
Tempus xT assay7. Therapeutic options for fusions occurred in 29 
patients (5.8%) of the xT 500 cohort, indicating that comprehensive 
fusion identification for all patients leads to therapeutic matching 
for a modest but clinically important subset of patients. Similarly to 
previous reports, most fusion events detected were TMPRSS2-ERG 
in prostate cancer21. Although no clear clinical interventions are 
associated with this fusion, TMPRSS2-ERG fusions were given a tier 
IID evidence level owing to early evidence regarding therapeutic 
response22,23. Of the 12 non-prostate cancer fusions, one was rated 
as evidence tier IA, one was rated as IIC and 10 were rated as IID.

We next examined the potential for therapy matching using the 
expression profiles of clinically relevant genes selected on the basis 
of their relevance to disease diagnosis, prognosis and/or possible 
therapeutic intervention (see Methods). Over- or under-expression 
calls were reported in 133 patients (28.1%) for 16 genes, with thera-
peutic evidence based on clinical, case or preclinical studies (Fig. 4c,  
Supplementary Fig. 7 and Supplementary Table 3). Metastatic 
tumors were equally likely to have at least one reportable expression  
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call as non-metastatic tumors. The most commonly reported  
over-expressed gene was NRG1, which was observed in 35 cases 
(7.3% of samples) across the cohort. NRG1 has been shown to 
play a biological role with treatment implications across cancer 
types24–27. Over-expression of NRG1 has been associated with pri-
mary cetuximab resistance in colon cancer cell lines in the absence 
of RAS pathway mutations28,29, primary resistance to trastuzumab 
or lapatinib in ERBB2 (HER2)-amplified breast cancer cells30,31, and 
response to monoclonal HER2-directed antibodies in lung32 and 
ovarian cancers25.

We investigated the percentage of patients eligible for immu-
notherapy based on the xT IO biomarkers assayed in the cohort. 
There were 52 patients (10.4%) identified as potential candidates for 
immunotherapy on the basis of TMB, MSI status and PD-L1 IHC 
results (Fig. 4d). The number of MSI-H and TMB-high cases varied 
among cancer types, with 22 patients (4.4%) positive for both bio-
markers. A PD-L1-positive IHC result alone was measured in 15 
patients (3%) and occurred most frequently in patients with lung 
cancer. TMB-high status alone was measured in 13 patients (2.6%), 
who primarily had lung and or breast cancer. Lastly, a PD-L1-
positive IHC result and TMB-high status were rarely observed 
simultaneously (0.4%).

As noted above, therapy matches based on level IA or IB evi-
dence for SNVs, CNVs and fusions alone were observed for 29.6% 
of patients. With the addition of more comprehensive molecular 
profiling that included gene expression and immunotherapy bio-
marker information, we observed an increase in the proportion of 
patients with therapy matches to 43.4% of the xT 500 cohort (217 
patients) (Fig. 4e and Supplementary Table 2)33. This percentage 
increased even further, to 93.6% (468 patients), when matches from 
level IIC and IID evidence and preclinical RNA-based evidence 
were included.

Additionally, 1,966 clinical trial matches were reported for the 
xT 500 cohort. On the basis of molecular and clinical data (see 
Methods), at least one clinical trial option was reported for 96.2% 
of the cohort (481 patients). Examples of the criteria used to match 
patients to a clinical trial option are shown in Supplementary Table 4.  
At least one biomarker-based clinical trial match was made for  
76.8% of the cohort according to a gene variant on the patients’ xT 
report. Of the patients who were not matched to a biomarker-based 
clinical trial, 19.4% were matched to at least one disease-based 
clinical trial from clinical data alone. The frequency of biomarker-
based clinical trial matches outnumbered disease-based matches 
and varied by cancer diagnosis (Fig. 4f). For example, patients with 
gynecologic or pancreatic cancers typically received biomarker-
based clinical trial matches, whereas patients with rare cancers had 
an almost equal ratio of biomarker-based to disease-based trial 

matching. The differences observed between biomarker- and dis-
ease-based trial matching were most likely due to the frequency of 
targetable alterations and the heterogeneity of these cancer types.

Comparison of the full Tempus platform with tumor-only analy-
ses. Most commercial oncology assays only test tumor samples. 
Because paired tumor–normal samples were sequenced within 
the xT 500 cohort, we were able to examine the effect of germline 
sequencing on the accuracy of somatic mutation calling. We ran-
domly selected 50 cases from the cohort with a range of TMB pro-
files and re-evaluated them using a tumor-only analytical pipeline. 
We identified 8,557 coding variants after filtering with a publicly 
available population database (see Methods)34. By further filtering 
with an internally developed list of technical artifacts, an internal 
pool of normal samples, and classification criteria (see Methods), 
the number of variants was reduced to 642 while still retaining all 
true somatic alterations (72.3%) (Fig. 5a).

Within the 642 filtered tumor–only variants, 27.7% of variants 
were classified as somatic false positives—that is, true germline vari-
ants or artifacts. The use of tumor–normal sequencing data allowed 
for these false-positive variants to be filtered and more accurately 
classified as germline variants (Fig. 5a,b and Supplementary Table 5).  
When we further separated the dataset by classification criteria, 
1.10% of germline variants were classified as pathogenic and, thus, 
potentially clinically actionable. One such example involved a BRCA 
mutation with somatic loss of heterozygosity in colorectal cancer.  
In tumor types where BRCA mutations are not common, such as 
colon cancer, BRCA mutations with loss of heterozygosity would 
trigger a recommendation for PARP inhibitor therapy. In cases 
without loss of heterozygosity, genetic counseling would be recom-
mended instead. The ability to differentiate between these cases 
is enhanced by the more accurate classification of somatic versus 
germline variants via tumor–normal sequencing.

To assess the effect of tumor-only testing on therapeutic match-
ing, we evaluated which therapies would be offered to the 50 patients 
in two scenarios: a tumor-only test versus a full xT test (matched 
tumor–normal DNA-seq plus RNA-seq and IO analyses). We found 
that divergent therapies would have been reported for 8 of the 50 
patients (16%) if they had received a tumor-only test alone rather 
than a full xT test (Supplementary Table 6). Of these eight patients, 
four had different hypothetical treatment matches owing to infor-
mation obtained via RNA-seq or to the tumor having somatic muta-
tions with low clonality, which are difficult to detect in a tumor-only 
test. One tumor-only prostate cancer DNA-seq result did not show 
any contraindication to the anti-androgen therapy the patient  
was receiving; but RNA-seq included in the full xT test showed 
androgen receptor over-expression, indicating possible resistance. 

Fig. 3 | Immunogenomic landscape of solid tumors in the xT 500 cohort. a, TMB is shown by cancer type (n = 50 per group) and plotted on a log2(TMB+1)  
scale. b, Neoantigen predictions generated for each patient (n = 493) are plotted against TMB (Pearson’s R = 0.931, P = 8.20 × 10−199). The Pearson correlation 
coefficient is shown, and the dotted lines in a and b denote the threshold for defining TMB-high samples. c, Distribution of CYT by TMB category  
(TMB-high, n = 35, TMB-low, n = 439) and MSI status (MSI-H, n = 20, MSS/MSE, n = 454). Statistical significance was determined using a two-sided 
Wilcoxon rank-sum test (TMB, P = 1.95 × 10−4; MSI, P = 2.50 × 10−2) d, The composition of immune cell infiltrate was estimated using a support vector 
regression model. The distribution of the estimated percentages of selected immune cell types is shown by TMB category. Statistical significance was 
determined using a two-sided Wilcoxon rank-sum test, and P values were adjusted for multiple testing using the Benjamini-Hochberg method (CD8+ 
T cells, P = 4.9 × 10−4; M1 macrophages, P = 1.4 × 10−7; monocyte, P = 2.0 × 10−4). e, Expression of CD274 (PD-L1) in log2(TPM+1) by TMB category. Statistical 
significance was determined using a two-sided Wilcoxon rank-sum test (P = 6.69 × 10−4). f, Expression of CD274 as compared to expression of PDCD1  
(PD-1) and CD3E (n = 474). Samples that stained positive for PD-L1 by IHC are shown in blue. Other samples either stained negative for PD-L1 by IHC or 
were not tested. The Pearson correlation coefficients are shown (PDCD1, P < 2.2 × 10−16; CD3E, P < 2.2 × 10−16). g, Heat map of the 28 IFN-γ-related genes 
in the cohort. Patients with RNA data and complete biomarker testing were categorized into the following groups: PD-L1-positive IHC (n = 15); TMB-high 
(n = 6); PD-L1-positive IHC and TMB-high (n = 2); MSI-high (n = 8); and none (n = 150). h, IFN-γ score as calculated by the arithmetic mean of the 28 
genes compared between patient groups. Statistical significance was determined using the Kruskal–Wallis test (P = 3.77 × 10−4) followed by Dunn’s test  
for multiple comparisons (MSI-H, P = 0.024; PD-L1-positive IHC, P = 0.066; PD-L1-positive IHC and TMB-high, P = 0.037; TMB-high, P = 0.029). * P ≤ 0.05, 
** P < 0.01. In the boxplots, the upper and lower hinges represent the first and third quartile. The whiskers extend to the most extreme value within  
1.5 times the interquartile range on either end of the distribution. The center line represents the median.
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The other three patients had divergent therapy matches owing to 
the tumor-only test reporting a germline mutation as somatic. These 
patients potentially would not have received genetic counseling  

with a tumor-only test. Lastly, we compared therapies matched for 
all DNA variants detected by the tumor-only dataset to therapies 
matched by a patient-facing website, My Cancer Genome (MCG). 
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A total of 43 cases were matched to therapies via the full xT test, 
whereas only 5 cases were matched to therapies via MCG.

Discussion
We examined the molecular and clinical insights gained from exten-
sive genomic profiling, including matched tumor and germline 
DNA-seq and whole-transcriptome RNA-seq. Comparison between 
genomic alterations in the xT 500 cohort and previously published 
clinical NGS data indicated that our cohort is representative of the 
mutational spectra observed within and across tumor types35–37. The 
xT tumor–normal sequencing pipeline robustly classifies true somatic 
versus germline variants and eliminates the 27.7% somatic false-
positive rate observed in the tumor-only analysis. Erroneous iden-
tification of germline variants as somatic mutations can negatively  

affect patient care. For example, germline variants in genes that 
can be mutated in somatic cells or in the germline, such as BRCA, 
would be classified as somatic in a tumor-only analysis, missing the 
opportunity to provide germline findings with genetic counseling 
and cancer screening recommendations38.

Whole-transcriptome profiling is another key attribute of the 
Tempus platform. RNA expression data are currently RUO; however, 
in the future, oncologists may use RNA findings in conjunction with 
clinical, pathologic, radiologic and CAP/CLIA-validated molecular 
test data for the assessment of patients who have failed multiple 
lines of therapy. A total of 28.1% of patients with RNA expression 
calls were matched to some level of evidence-based therapy in a tis-
sue-agnostic fashion. For example, National Comprehensive Cancer 
Network (NCCN) guidelines for breast, gastric and lung cancers 
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recommend FDA-approved drugs targeting HER2 overexpression. 
Patients with HER2 overexpression in other cancer types may also 
benefit from anti-HER2 therapies39. Because HER2 evaluation by 
IHC is not standard practice for most cancer types, these patients 
cannot be identified without a comprehensive profiling method. 
In addition, RNA expression data provide insight into tumor type, 
which helps to refine diagnoses for TUOs and determine chemo-
therapy regimens.

Likewise, immunotherapy RNA-seq data analyses identified 
patients with and without traditional biomarkers who might benefit 
from immunotherapy. Immunotherapy has provided lasting results 
for some previously untreatable cancers40. However, the need for 
effective biomarkers of immunotherapy response is clear considering 
the low proportion of patients who experience clinical benefit, the 
associated adverse events and the cost of treatment. With the grow-
ing use of immunotherapy, it is becoming increasingly important to  
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measure TME attributes that signal potential responsiveness in 
patients41. PD-L1 IHC and MSI status are currently used as comple-
mentary or companion diagnostics for many cancer indications. 
Furthermore, TMB is an emergent biomarker associated with clinical 
benefit from checkpoint blockade and is being tested as a companion 
diagnostic8,16,42. Approximately 10% of patients in the xT 500 cohort 
were positive for at least one of these IO biomarkers and, conse-
quently, could be candidates for immunotherapy. Additional context 
about the immunologic phenotype of tumors was derived from RUO 
transcriptome analysis. Patients lacking IO biomarkers still grouped 
into immunologically active clusters, suggesting that these biomark-
ers may not fully capture information about immunotherapy-con-
ducive TMEs. Thus, further studies to identify other biomarkers will 
increase the understanding of TMEs and may help identify additional 
patients who would benefit from immunotherapy.

Overall, the integration of molecular data and structured clinical 
data resulted in precision therapy matches with tier IA or IB levels 
of evidence for 43.4% of the xT 500 cohort. A precision medicine 
option across all tiers and levels of therapeutic evidence was reported 
for 93.6% of the cohort. Identification of both therapeutic response 
and resistance across all evidence levels provides valuable informa-
tion for physicians that could influence the prescription or timing of 
therapies. Integrating molecular data with clinical data also allows 
clinical trial matching for the most vulnerable patient populations. 
For example, although pancreatic cancer has few well-established 
therapeutic options, we were able to identify biomarker-based clini-
cal trial options for 94% of patients with pancreatic cancer.

More broadly, our results indicate that the overall population of 
patients with tumor types lacking viable options may benefit from 
molecular testing that matches patients to therapies and trials for 
which they otherwise would not have been considered. According 
to the American Cancer Society, only 27% of patients in the United 
States are provided with the option to enroll in a local clinical trial43. 
Furthermore, only an estimated 3–8% of patients enroll in clinical 
trials nationwide44,45. The use of molecular testing and structured 
clinical data allowed us to provide 96.2% of the patients in our 
cohort with at least one clinical trial option. The fact that most 
patients were matched to biomarker-based trials (76.8%) likely 
reflects both the large number of clinical trials that are biomarker 
dependent and the extensive genomic profiling performed on the 
xT 500 cohort.

Additionally, the value of comprehensive, multimodality testing 
is demonstrated by the Tempus platform’s ability to find rare events 
with treatment implications in this cohort. For example, to meet 
NCCN guidelines for ‘broad’ molecular profiling of lung adeno-
carcinomas, testing would only have to include EGFR, ALK, ROS1, 
BRAF, KRAS, MET, RET, NTRK and ERBB2 (HER2), and IHC anal-
ysis of PD-L1 expression. In one patient with lung adenocarcinoma, 
none of the above targetable genes contained an alteration, including 
CD274 (PD-L1), for which staining was negative by IHC. If testing 
had stopped there, the patient would not have been eligible for tar-
geted immunotherapy. However, the xT assay revealed a pathogenic 
germline mutation in the MMR gene MSH3, with somatic loss of 
heterozygosity. MSH3 deficiency does not cause the MSI-H pheno-
type and is not included in standard IHC panels for MMR deficiency. 
Additionally, an elevated TMB of 19.6 mutations per megabase was 
observed, suggesting that the tumor had an increased probability of 
immunotherapy response8. These findings would likely motivate an 
oncologist to consider using immunotherapy.

In summary, our results indicate that paired tumor–normal 
DNA-seq and RNA profiling of patient cancer biopsies yields high 
match rates to targeted therapies and clinical trials. This study 
determines clinically relevant insights via comprehensive genomic 
analysis of a de-identified dataset derived from patients with can-
cer nationwide. Our results demonstrate the value of harnessing 
tumor–normal genomic sequencing, gene expression profiling, 

genomic rearrangement detection and immunotherapy biomarker 
prediction to address emergent clinical indications. These results 
also illustrate the value of integrating and contextualizing clinical 
and molecular data to provide physicians with distilled information 
regarding their patients’ disease and potentially actionable charac-
teristics. These insights help to maximize personalized therapeutic 
options for a broader proportion of patients with cancer, which can-
not be attained through limited tumor-only DNA-seq panels alone.
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Methods
Mutational spectrum analyses. After random selection from the de-identified 
Tempus database, patients were grouped by pre-specified cancer type and filtered 
for variants classified as clinically relevant. Data from patient xT clinical reports 
given to oncologists were exclusively used for analyses, with some patients 
having multiple issued reports. The gene set was then filtered for genes having 
more than five variants across the entire cohort to select for recurrently mutated 
genes. The collated set of patients was clustered by mutational similarity across 
SNVs, indels, fusions, amplifications and homozygous deletions. Subsequently, 
alteration prevalence for SNVs and indels from the MSKCC IMPACT cohort was 
extracted from the MSKCC cBioportal (http://www.cbioportal.org/study?id=msk_
impact_2017#summary) to compare Tempus xT assay variant calls against publicly 
available variant data for solid tumors. After selecting only for genes on both 
panels, variants with a minimum of 2.5% prevalence within their respective cohort 
were plotted (Fig. 1).

Detection of gene rearrangements from DNA-seq. Gene rearrangements were 
detected and analyzed by a separate parallel process optimized for the detection 
of structural alterations. After demultiplexing, tumor FASTQ files were aligned 
against the human reference genome using BWA (0.7.1)46. Reads were sorted, and 
duplicates were marked with SAMBlaster (0.1.2.4)47. Discordant and split reads 
were further identified and separated by this process. These data were then read 
into LUMPY (0.2.1.3) for structural variant detection48. A Variant Call Format 
(VCF) file was generated and then parsed by the Tempus fusion VCF parser. 
The data were pushed to the Tempus bioinformatics database, where structural 
alterations were grouped by type, recurrence and presence, and displayed  
through the Tempus quality-control application. Known and novel fusions 
highlighted by the application were selected by the variant science team for  
loading into a patient report.

Gene expression data collection and normalization. RNA-seq gene expression 
data were generated from formalin-fixed, paraffin-embedded tumor samples using 
an exome-capture-based RNA-seq protocol. After sequencing quality control, the 
final gene expression sample size was 474 samples. In brief, RNA-seq data were 
aligned to GRCh38 using STAR (2.4.0.1)49 and expression quantification per gene 
was computed with FeatureCounts (1.4.6)50. Raw read counts were then normalized 
to correct for G+C content and gene length using full-quantile normalization 
and adjusted for sequencing depth via the size factor method. Normalized gene 
expression data for cancer types were log10 transformed and used for all  
subsequent analyses.

Detection of gene rearrangements from RNA-seq. Gene rearrangements in RNA 
were analyzed by a workflow that quantifies gene-level expression and chimeric 
transcripts through non-canonical exon-exon junctions mapped using split or 
discordant read pairs. Subsequent to expression quantification, reads were mapped 
across exon–exon boundaries to unannotated splice junctions, and evidence was 
computed for potential chimeric gene products. If sufficient evidence was present 
for the chimeric transcript, a rearrangement was called as detected.

Tempus gene expression reference database. Gene expression data generated 
at Tempus Labs were combined with publicly available cancer and normal gene 
expression datasets to create the Tempus reference database. Expression-calling 
analyses included the cancer expression data from The Cancer Genome Atlas 
(TCGA) and the normal expression data from the Genotype–Tissue Expression 
(GTEx) project51,52. Raw data from these publicly available datasets were 
downloaded from the Genomic Data Commons (GDC) or Sequence Read Archive 
(SRA) and processed with the Tempus RNA-seq pipeline. In total, 4,703 Tempus, 
4,865 TCGA and 6,541 GTEx samples were processed and included as part of 
the larger Tempus reference database for this analysis. After processing, these 
datasets were corrected to account for batch effect differences between sequencing 
protocols across institutions (for example, formalin-fixed, paraffin-embedded 
versus fresh tissue, poly(A) versus exome capture). To account for these differences, 
we calculated per-gene sizing factors on log10 normalized counts by subsampling 
TCGA and Tempus samples 100 times. A linear transformation from the sizing 
factors calculated on TCGA samples was applied to TCGA and GTEx samples to 
ensure that genes had equivalent means and variances across studies.

Gene expression calling. For each patient in each cancer type (brain, n = 49; 
breast, n = 50; colorectal, n = 50; lung, n = 48; ovarian, n = 49; endometrial, n = 48; 
pancreas, n = 50; prostate, n = 46; rare, n = 46; TUO, n = 38), we compared the 
expression of key cancer genes to the Tempus reference database to determine 
overexpression or underexpression. A maximum of 43 genes were evaluated based 
on the specific cancer type of the sample. Genes associated with immunotherapy 
are reported as relative expression calls in the immunotherapy portion of the 
Tempus platform and were excluded from this analysis. To make an expression call, 
each patient’s expression percentile was calculated relative to four distributions: 
all cancer samples from TCGA, all normal samples from GTEx, specific cancer-
matched samples from TCGA, and specific tissue-matched normal samples from 
GTEx. For example, the tumor expression for each patient with breast cancer 

was compared to that of all cancer samples, all normal samples, all breast cancer 
samples and all normal breast tissue samples. Distribution thresholds specific to 
each gene and cancer type were optimized using literature curation and statistical 
analysis to reflect over- or underexpressing cancer subtypes. Thresholds at the time 
of xT reporting were applied to determine gene expression calls and varied slightly 
across the dataset as thresholds and genes reported have evolved over time.

Cancer type prediction. A random forest cancer type prediction model was 
trained on normalized gene expression data from 4,703 Tempus samples spanning 
33 cancer types, as defined in TCGA. The 500 samples in the xT cohort were 
excluded from the training dataset. The model was generated using scikit-learn 
RandomForestClassifer (0.20.0). Hyperparameter tuning on the training data 
using three-fold cross-validation on 1,000 trees identified a minimum split size of 
two and a maximum depth of 50 as the best performing parameters with a cross-
validation classification accuracy of 81%.

Tumor mutational burden. TMB was calculated by dividing the number of non-
synonymous mutations by the megabase size of the panel (2.4 Mb). All non-silent 
somatic coding mutations, including missense, indel and stop-loss variants with 
coverage greater than 100× and an allelic fraction greater than 5%, were counted 
as non-synonymous mutations. Hypermutated tumors were considered TMB-high 
if they had a TMB >9 mutations per megabase. This threshold was established by 
testing for the enrichment of tumors with orthogonally defined hypermutation 
(MSI-H) in the larger Tempus clinical database. A hypergeometric test was 
performed in increments of 0.5 mutations per megabase from 5 to 15 mutations 
per megabase. Greater than 9 mutations per megabase was found to be significantly 
enriched (P = 4.23 × 10−31) for orthogonally defined hypermutated tumors.

Whole-exome tumor mutational burden comparison. TMB for gene panels 
ranging from 100 to 5,000 genes were simulated from TCGA variant data using 
the 8,507 samples available on UCSC Xena (http://xena.ucsc.edu/)53. For each 
gene panel size tested, genes were randomly selected for inclusion in the simulated 
panel, TMB was calculated as described above, and the Pearson correlation 
between the simulated panel TMB and the whole-exome TMB was determined. 
Five simulations were performed for each panel size. The correlation between 
panel TMB and whole-exome TMB was experimentally validated using samples 
sequenced with both the xT panel and the Tempus whole-exome panel. Whole-
exome TMB was calculated as described above, except with a coverage threshold of 
35× and an allelic fraction threshold of 10%.

Human leukocyte antigen class I typing. Human leukocyte antigen (HLA) class I  
typing for each patient was performed using Optitype (1.3.1) on DNA-seq data54. 
Normal samples were used as the default reference for matched tumor–normal 
samples. Tumor-only-determined HLA type was used when the normal sample did 
not meet internal HLA coverage thresholds.

Neoantigen prediction. Neoantigen prediction was performed on all non-silent 
mutations identified by the xT pipeline, including indels, SNVs and frameshifts. 
For each mutation, the binding affinities for all possible 8- to 11-amino-acid 
peptides containing that mutation were predicted using MHCflurry (0.9.1)41. For 
alleles with insufficient training data to generate an allele-specific MHCflurry 
model, binding affinities were predicted for the nearest-neighbor HLA allele as 
assessed by amino acid homology. A mutation was determined to be antigenic if 
any resulting peptide was predicted to bind to any of the patient’s HLA alleles using 
a 500 nM affinity threshold. RNA support was calculated for each variant using 
varlens (0.0.4, https://github.com/openvax/varlens). Predicted neoantigens were 
determined to have RNA support if at least one read supporting the variant allele 
could be detected in the RNA-seq data.

Microsatellite instability status. The Tempus xT panel included probes for  
43 microsatellites that are frequently unstable in tumors with MMR deficiencies. 
The MSI classification algorithm used reads mapping to these frequently unstable 
regions to classify tumors into three categories: microsatellite instability high 
(MSI-H), microsatellite stable (MSS) or microsatellite equivocal (MSE). This assay 
can be performed with paired tumor–normal samples or tumor-only samples. 
Both algorithms return the probability of the patient being MSI-H, which is then 
translated into an MSI status of MSI-H, MSS or MSE. All loci with sufficient 
coverage were tested for instability, as measured by changes in the distribution of 
the number of repeat units in the tumor reads as compared to the normal reads 
using the Kolmogorov-Smirnov test. If P ≤ 0.05, the locus was considered unstable. 
The proportion of unstable loci was fed into a logistic regression classifier trained 
on tumor samples with clinically determined MSI statuses.

Cytolytic index. CYT was calculated as the geometric mean of the normalized 
RNA counts of granzyme A (GZMA) and perforin-1 (PRF1)17.

Immune infiltration estimation. The relative proportion of immune subtypes  
was estimated using a support vector regression (SVR) model, which includes  
an L2 regularizer and an epsilon insensitive loss function, similar to that of 
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Newman et al55. The SVR was implemented in Python using the nuSVR function in 
the SVM library of scikit-learn (0.18), with the LM22 reference matrix downloaded 
from the supplement of Newman et al55.

IFN-γ gene signature score. Twenty-eight IFN-γ pathway-related genes were 
used as the basis for an IFN-γ gene signature score19. Hierarchical clustering 
was performed on the basis of Euclidean distance using the R package 
ComplexHeatmap (1.17.1), and the heat map was annotated with PD-L1-positive 
IHC staining, TMB-high status and/or MSI-H status. IFN-γ score was calculated 
using the arithmetic mean of the 28 genes.

Somatic signatures. Thirty previously described somatic signatures of mutational 
processes56,57 were estimated using non-negative least-squares regression as 
implemented in the deconstructSigs package (1.8.0)58. Mutations in this analysis 
included all discovered somatic SNVs, independent of their pathogenicity. Somatic 
signature estimates were calculated for all TMB-high samples with at least 50 
detected somatic mutations. For visualization, the contributions of signatures 2 and 
13 were summed for the APOBEC signature, signatures 4 and 29 were summed for 
the tobacco signature, and signatures 6, 15, 20 and 26 were summed for the DNA 
MMR deficiency signature. Additional signatures visualized included signature 1 
for age, signature 3 for homologous recombination deficiency, signature 7 for UV 
and signature 11 for alkylating agent. All other signatures were not plotted, given 
their unknown etiology and/or limited contribution to the mutational spectra of 
the patients analyzed.

Knowledge database and evidence-based therapy matching. To determine 
therapeutic actionability for sequenced patients, Tempus maintains an internal 
knowledge database (KDB) with structured data regarding drug-gene interactions 
and precision medicine findings reported in the oncology, pathology and basic 
science literature. The KDB of therapeutic and prognostic evidence, which 
includes therapeutic response and resistance information, is compiled from a 
combination of external sources, including, but not exclusive to, NCCN, CIViC59 
and DGIdb60, and is maintained with constant annotation by Tempus experts. 
Clinical actionability entries in the KDB are structured by both the disease to 
which the evidence applies and the level or strength of the evidence. Therapeutic 
actionability entries are binned into tiers of somatic evidence by patient disease 
matches as established by the American Society of Clinical Oncology, the 
Association for Molecular Pathology and the College of American Pathologists 
working group20.

Evidence-based therapies are grouped by their level of evidence strength into 
tiers IA, IB, IIC and IID. Briefly, tier IA evidence includes biomarkers that follow 
consensus guidelines and match disease type. Tier IB evidence includes biomarkers 
that follow clinical research and match disease indication. Tier IIC evidence 
biomarkers follow the off-indication use of consensus guidelines or clinical 
research, or either on- or off-indication patient case studies. Tier IID evidence 
biomarkers follow preclinical evidence regardless of disease indication matching. 
Patients from the xT 500 cohort were matched to actionability entries by gene, 
specific variant, diagnosis and level of evidence.

Alteration classification. Somatic alterations were interpreted on the basis of a 
collection of internally weighted criteria composed of knowledge from known 
evolutionary models, functional data, clinical data, hotspot regions within 
genes, internal and external somatic databases, primary literature and other 
features of somatic drivers61,62. The criteria included features of an internally 
derived heuristic algorithm that groups alterations into one of four categories: 
pathogenic, variants of unknown significance (VUS), benign or reportable. 
Pathogenic variants were defined as driver events or tumor-prognostic signals. 
Benign variants were defined as alterations with evidence indicating a neutral 
state in the population and were removed from reporting. VUSs were regarded as 
passenger events. Reportable variants were considered to be diagnostic, offering 
therapeutic guidance, or associated with disease but not key driver events. Gene 
amplifications, deletions and translocations were reported on the basis of the 
features of known gene fusions, relevant breakpoints, biological relevance and 
therapeutic actionability. Germline pathogenic and VUS alterations identified 
in the tumor–normal matched samples were reported as secondary findings 
for consenting patients. These include a subset of genes recommended by the 
American College of Medical Genetics63 and genes associated with cancer 
predisposition or drug resistance.

Tumor-only analyses. For the tumor-only analyses, germline variants from 50 
patient samples within the xT 500 cohort were computationally identified and 
removed using an internal algorithm that considered copy number, tumor purity 
and sequencing depth. Further filtering was performed on the observed frequency 
in a population database (positions with variant allele frequency (VAF) ≥1% in 
the ExAC non-TCGA cohort)64. The algorithm was designed to be conservative 
when calling germline variants in therapeutic genes to minimize removal of true 
somatic pathogenic alterations that occur within the general population. To remove 
potential artifacts and biases within our cohort, alterations observed in an internal 

pool of 50 unmatched normal samples were removed. The remaining variants were 
assumed to be somatic variants with VAF ≥5% and coverage ≥90%.

The alteration classification rules were applied, and evidence-based therapies 
were assigned to each patient. Using matched normal sequencing data, we were 
able to identify true germline variants and evaluate contamination. The 50 patient 
cases were reviewed by two Tempus pathologists and an oncologist to determine 
which patients would have significantly different therapeutic matches on the basis 
of the tumor-only analysis instead of the full Tempus test, including tumor–normal 
matched DNA-seq, RNA-seq and IO analysis. For this direct comparison, data 
from clinical reports were evaluated. Relevant variants and therapies from the full 
Tempus test reflect present-day therapy matches. As an additional comparison 
using the Tempus tumor-only DNA variant results, we manually searched the 
public resource http://www.mycancergenome.org/ (7 November 2018) for returned 
therapies based on these DNA variants.

Clinical trial reporting. Clinical trial options were identified by associating a 
patient’s actionable variants and structured clinical data with an internally curated 
database of clinical trials largely procured from http://ClinicalTrials.gov. Criteria 
considered for clinical trial reporting based on the patient information available 
at the time included, but was not limited to, molecular alterations, diagnosis, age, 
previous treatment, medical history, stage of cancer and distance from point-of-
care. Biomarker-based clinical trials were defined as those that required specific 
molecular alterations to qualify, whereas disease-based clinical trials did not have 
such a requirement. All reported clinical trials were checked for recruitment status 
at the time of xT report generation.

Statistical analysis. All statistical analyses were conducted in R (3.4.4). Statistical 
significance was determined by a two-sided Wilcoxon rank-sum test or a Kruskal–
Wallis test, as indicated in the figure legends, with P < 0.05 considered significant. 
P values were adjusted for multiple testing using the Benjamini-Hochberg method. 
Relationships between variables were assessed by Pearson correlation. In the data 
presented as boxplots, the upper and lower hinges represent the first and third 
quartile. The whiskers extend to the most extreme value within 1.5 times the 
interquartile range on either end of the distribution. The center line represents the 
median. The exact sample sizes (n) used to calculate each statistic are listed in the 
figure legends.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
VCF files, RNA count files and associated deidentified clinical data that support 
these findings will be available through Vivli (ID T19.01).
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