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SpeCond parameters 

Three main sets of parameters control SpeCond’s behaviour: (i) those controlling the 
implementation of the normal mixture model; (ii) those used to decide which normal 
distributions are included in the final null distribution; and (iii) a p-value threshold to 
define a gene as being condition-specific.  
 
The two parameters (λ and β) control how gene expression data are modelled as a 
mixture of normal distributions. λ (default value = 1) adjusts the weight of the effect 
of the number of parameters that need to be estimated when selecting the mixture 
model. As λ increases, the model penalises the inclusion of more parameters (i.e., 
more normal distributions). β (default value = 1) establishes a prior used to determine 
the variance of the normal distribution (see SpeCond vignette)  
 
Four parameters (md, per, mlk and rsd; Figure 2) control the inclusion of the different 
mixture components in the final null distribution. md (default value = 0.75) is the 
minimum distance between median values of any pair of normal components. per 
(default value = 0.3) is the maximum proportion of conditions in which a gene can be 
detected as specifically expressed. mlk (default value = 25) is the minimum log-
likelihood for a set of expression patterns given a pair of normal components. rsd 
(default value = 0.1) is the ratio of the standard deviations of a pair of a normal 
components.  
 
A mixture component is excluded from the null distribution under the following 
circumstances: (i) when md is larger than the threshold and per and rsd are smaller 
than their respective thresholds —this scenario corresponds to normal components 
that are a small proportion of the data, separated from the main component and with 
large standard deviation; and (ii) when per is smaller than then threshold and md and 
mlk are larger than their respective thresholds —this scenario corresponds to normal 
components that are a small proportion of the data, well separated from the main 
component with little or non-existent overlap. 
 
Finally, pv (default value = 0.05) determines the adjusted p-value threshold under 
which genes are classified as condition-specific.  
 
It is worth noting that in order to consider multiple gene expression profiles, SpeCond 
uses a two-step selection procedure. In the first step SpeCond runs with a stringent 
per parameter and β ≠ 0 (step 1: λ= 1, β= 6, md = 0.75, mlk = 5, rsd = 0.1, per = 0.1 
and pv = 0.05), aiming to detect condition-specific expression for genes with 
significantly high expression value (often happening in a single condition). In the 
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second step, SpeCond uses a stricter set of parameters (but with a per parameter 
allowing more conditions to be detected as specific) (step 2: λ= 1, β= 0, md = 0.75, 
mlk = 25, rsd = 0.1, per = 0.3 and pv = 0.05) to allow detection at a finer level of 
detail. A full description of the parameters can be found in the user guide document of 
the SpeCond package in Bioconductor at  
[http://www.bioconductor.org/packages/release/bioc/html/SpeCond.html]. 
 
It is important to note that the number of conditions present in a dataset has an 
important effect on the results. Due to the intrinsic nature of the analysis, enough 
conditions need to be measured to determine whether tissue-specific expression is 
biologically relevant, i.e. if a dataset does not cover enough conditions, it will not be 
clear whether a gene is truly only expressed in a single tissue. Moreover, due to the 
null distribution estimation, the detection becomes more powerful and robust as the 
number of conditions increases. Therefore, we recommend that researchers use 
SpeCond with at least ten conditions in order to obtain relevant results. 
 

GNF data analysis 

We chose the SymAtlas dataset [1] that contains genome-wide expression profiles for 
79 human tissues and cell lines to evaluate the performance of our method. To avoid 
redundancy of tissue types within the dataset, which would affect the selection of 
specific genes, we focused on 32 major healthy tissues and organs present in the 
dataset (Table 1). We performed quality checks using the arrayQualityMetrics 
package [2] and processed the raw data using the three-step GCRMA algorithm as 
implemented in the Bioconductor project [3]. We then computed the mean of the log2 
expression values of the two replicates for each tissue and used it as an expression 
value for a given probe set in a given tissue. We utilised the annotation available in 
the Ensembl database (Ensembl v52, [4]) to map 17,064 probesets to 11,713 Ensembl 
ID genes. Only probe sets that mapped uniquely to genes were used for this analysis.   

We applied SpeCond to this dataset with the following parameters: (step 1: λ = 1, β = 
6, md = 0.75, mlk = 5, rsd = 0.1, per = 0.1), step 2: λ = 1, β = 0, md = 0.75, mlk = 25, 
rsd = 0.1, per = 0.3 and pv = 0.05). Finally, in order to consider a gene as tissue-
specific, we required that all associated probe sets were detected as specific in a given 
tissue. The combination of parameters was chosen to achieve the best sensitivity at a 
5% false positive rate as measured using Receiver Operating Characteristic (ROC) 
curves (Figure 4). The results of the analysis are present in Additional file 2.  
 

Gold standards 

To evaluate the accuracy of SpeCond, we compared the results obtained with our 
method against other available approaches, namely TSGA and propensity.  
To do so we computed ROC curves for each method using a gold standard set 
composed of ubiquitous and tissue-specific genes (Figure 4). For tissue-specific genes 
—our positive control— we computed the intersection of human tissue-specific genes 
from the Tissue-specific Gene Expression and Regulation (TiGER) database (based 
on EST data in 30 human tissues [5]) and those determined by Dezso and colleagues 
(expressed in one tissue among the 31 analysed in microarray expression analysis 
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[6]). Overall, our positive control group contained 3,984 probe sets in a total of 26 
tissues, resulting in 5,595 gene-specific conditions. In order to obtain a set of 
ubiquitously expressed genes —our negative control— we merged two datasets: (i) 
the list of negative strand matching probe sets found in Affymetrix’s HG-U133a array 
[7]; and (ii) the union of housekeeping genes detected in two independent studies 
[8,6]. In total our negative control contained 3,657 probe sets. Since these probe sets 
correspond either to genomic loci that should produce background signal —negative 
stand matching probe sets as they do not correspond to gene coding regions— or to 
genes that do not display tissue specificity across ~30 human tissues, we are confident 
that these lists represent an unbiased estimate of ubiquitous expression. However, it is 
worth noting that due to differences in origin, handing and sample preparation, the 
overlap and detection of tissue-specificity might not be exactly the same across all 
datasets. 
 

ROC curve 

As neither of the TSGA and propensity methods is able to detect tissue-specific 
repression, only genes detected by SpeCond showing tissue-specificity for higher 
expression were considered in this analysis. 
 
To obtain the ROC curves for each method, we proceeded as described below. 
Briefly, for different values of the method’s parameters, we obtained the tissue-
specific genes per tissue then computed the percentage of true and false positive 
according to our gold standards.  

- SpeCond method: we varied mlk from 0 to 300 and rsd from 0 to 2 for the two 
steps. Moreover β=6 and 0 and per=0.1 and (0.2, 0.3, 0.5) for step1 and step2, 
respectively. The best parameter set at each false positive percentage level was 
kept to draw the SpeCond ROC curve (red line in Figure 4, B and blue line in 
Figure 4, A).  

- TSGA method: for a given maximum number of specific tissues that can be 
detected (N=1, 2, 3, 4, 8, 11, 16), we varied the H.critical parameter from 1 to 
19.8. The best curve obtained corresponding to N=11 was used in the Figure 
4, A (purple line).  

- Propensity method: we varied the only parameter p that corresponds to 
propensity value threshold (for a given gene in a given condition) between 0 
and 25 (i.e p=0, 0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 25). 
 

Go enrichment analysis 

To perform a valid comparison of each method, we established a common threshold 
for false positive detection at 5% and adjusted the parameters of each method to 
provide the best sensitivity (number of true positives). These parameters were used to 
detect the set of tissue-specific genes on which the Gene Ontology (GO) analysis has 
been performed. 
 
Given the set of genes detected as specific for each tissue, we performed a GO 
enrichment analysis using g:Profiler [9]. To measure the global performance of 
SpeCond, we computed a general log-score for each tissue as the sum of the 
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logarithms of significant p-values of the individual GO enrichments and compared it 
with log-scores obtained from random sets of genes [10]. 
 
To compare the performance of the three methods (SpeCond, TSGA and the 
propensity method), from a biological perspective, we computed a general log-score. 
To do so, we first performed GO enrichment analysis for the tissue-specific gene-sets 
returned by the three methods at 5% error rate (as above). Then the general log-score 
for each method was computed as the sum for the log-score obtain for each tissue. 
 

Specific/selective detection 

It is worth noting, that in the literature, some authors make a further distinction 
between specific and selective genes: specific genes are significantly differentially 
expressed in only one tissue whereas selective ones are differentially expressed in a 
small group, with the precise number of tissues often being left to individual choice. 
For this work, we refer to both categories as specific genes. 
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