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Abstract 

The performance of diagnostic tests crucially depends on the disease prevalence, test 

sensitivity, and test specificity. However, these quantities are often not well known when tests 

are performed outside clinical practice which makes the rating of the test results somewhat 

problematic. A current example is the mass testing taking place within the context of the world-

wide SARS-CoV-2 crisis. Here, for the first time in history, the test results have a dramatic 

impact on political decisions. Therefore, transparent, comprehensible, and reliable data is 

mandatory. It is in the nature of wet lab tests that their quality and outcome are influenced by 

multiple factors reducing their performance by handling procedures, underlying test protocols, 

and analytical reagents. These limitations in sensitivity and specificity have to be taken into 

account when calculating the real test results. As a resolution method, we have developed a 

seminal Bayesian calculator, the Bayes Lines Tool (BLT), for back-solving disease prevalence, 

test sensitivity, test specificity, and, therefore, true positive, false positive, true negative and 

false negative numbers, from official test outcome reports. The calculator performs a simple 
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SQL query and can easily be implemented on any system supporting SQL. We provide three 

examples of SARS-CoV-2 test results from official government reports from the Netherlands, 

Germany, and the United Kingdom to illustrate the possible parameter space of prevalence, 

sensitivity, and specificity consistent with the observed data. Finally, we discuss this tool’s 

multiple applications, including its putative importance for informing policy decisions. 

Keywords: Bayes; COVID19; PCR Test; SARS-CoV-2; SQL 

 

1. Introduction 

In December 2019, a cluster of patients with pneumonia of unknown origin was associated with 

the emergence of a novel beta-coronavirus of bat origin (1), first named 2019-nCoV (2) and 

later specified as severe acute respiratory syndrome-coronavirus-2 (SARS-CoV-2) (3). This 

outbreak led to the rapid development of reverse transcriptase – quantitative polymerase chain 

reaction (RT-qPCR) tests to identify SARS-CoV-2 RNA in specimens obtained from patients (2,4).  

After sporadic SARS-CoV-2 positive cases in January (5,6), from the end of February 2020 

worldwide cases of the SARS-CoV-2-associated disease ‘COVID-19’ began to accumulate, 

causing policymakers in many countries to introduce countermeasures. These Non-

Pharmaceutical Interventions (NPIs) predominantly started worldwide around March 2020 

while the virus was characterized as a pandemic on 11 March 2020 (6,7). As a result, for almost one 

year now, large parts of the world are in a COVID-19 crisis-mode with daily reporting of SARS-

CoV-2 cases in dashboards worldwide (8). The definition of ‘cases’ and ‘prevalence estimates’ 

was based on RT-qPCR testing, independent of the clinical diagnosis. Thereby, a person is 

considered a case (i.e. infected), once a test turns out positive (9).  

Like all laboratory tests, however, the SARS-CoV-2 RT-qPCR tests are not flawless. This is 

because sensitivity and specificity depend on a multiplicity of confounding factors. These 

factors cover the test design, the lab application, and possible contaminations with 

substances/nucleic acids interfering with the reaction (10,11). Consequently, both false-

negative and false-positive results have been reported (12,13). Nevertheless, the test system’s 

limitations are rarely discussed in scientific publications and public health systems despite their 

crucial role for making inferences about the possible infection status of a tested person (14). 

Many more or less defined commercial and laboratory ‘in house’ tests are now routinely being 

used (15), often without standardised guidelines, which leads to entirely unknown test 

performance specifications (16). The few studies aiming to estimate sensitivity and specificity of 

SARS-CoV-2 RT-qPCR tests have reported sensitivities and specificities in the ranges ≳30% and 

≳80%, respectively - therefore, the communicated data seldom can offer precise distinctions 

(14). 
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Given the critical role that dashboards and graphs based on SARS-CoV-2 test results play for 

policymakers, health professionals and the general public (8), our objective was to develop a 

Bayesian calculator that could calculate test quantities and prevalence solely based on officially 

reported numbers of total and positive tests, i.e. without making any a priori assumptions. In 

this way, time trend estimates and country-to-country comparisons of these test performance 

measures as well as disease prevalence estimates become possible, producing in-depth 

insights, making projections/ simulations possible, and providing a more holistic understanding 

of the daily incoming data in general.  

 

2. Materials and Methods 

2.1 General Description of the Calculator 

The Bayes Lines Tool (BLT) calculator is based on Bayes’ theorem and estimates the true and 

false positive and true and false negative numbers at a given time point for which the total 

number of tests performed and the number of positive test results is known. These three data 

points are usually reported and published by official government bodies daily and/or weekly. 

Thus, the model uses the following information: 

I. Publishing date or report identifier of the test data 

II. Number of performed tests 

III. Number of reported positive results 

The model takes this information as a given fact and uses it to make inferences about the test 

performance parameters (sensitivity and specificity) as well as the prevalence (also known as 

the base rate) - these inferences are essential for estimating the number of true positives (TP), 

false positives (FP), true negatives (TN) and false negatives (FN) (14). It is assumed that there is 

no knowledge of either the prevalence or the sensitivity and specificity of the tests used. 

Instead, the model explores all possible combinations of these three parameters within 

reasonable ranges specified by the user, and selects all combinations that result in TP+FP 

estimates consistent with the known number of positive tests. For the implementation 

presented here, the three parameters are varied as follows: 

● Prevalence from 0.005 to 0.50 with 0.005 increments; 

● Sensitivity from 0.30 to 0.999 with 0.005 increments; 

● Specificity from 0.75 to 0.999 with 0.005 increments. 

For each possible combination of prevalence, sensitivity and specificity, a Bayesian confusion 

matrix (CM) is calculated and stored. A single CM contains TP, FP, TN and FN in absolute 

numbers (Table 1). 
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Table 1. A confusion matrix for a SARS-CoV-2 test containing absolute numbers of true (TP) and 

false (FP)  positives and true (TN) and false (FN) negatives derived from equations (2)-(5). 

Actual infection status Test result positive Test result negative 

INFECTED TP FN 

NOT INFECTED FP TN 

 

 

For a given prevalence, sensitivity and specificity these are derived from Bayes’ theorem:  

 

𝑃(𝐼|𝑇) =
𝑃(𝑇|𝐼) × 𝑃(𝐼)

𝑃(𝑇)
 

(1) 

 

Here, 𝑇 denotes the hypothesis that a test comes out positive (¬𝑇its denial) and 𝐼 the 

hypothesis that an individual is infected so that 𝑃(𝐼)is the prevalence and 𝑃(𝑇|𝐼) is the test 

sensitivity. 𝑃(𝑇)is the marginal probability of a positive test, given as the frequency of positive 

test results, whereas 𝑃(𝐼|𝑇)is the probability of being infected given that the test came out 

positive. With the normalizing constant 𝑃(𝑇) given as 𝑃(𝑇) =
# 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑡𝑒𝑠𝑡𝑠 

# 𝑡𝑒𝑠𝑡𝑠
and 𝑃(𝐼|𝑇)given as 

the proportion of infected individuals among those in which the test came out positive, 

equation (1) becomes: 

 

𝑇𝑃 = 𝑃(𝐼|𝑇) × # 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑡𝑒𝑠𝑡𝑠 = 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 × 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒 × # 𝑡𝑒𝑠𝑡𝑠 (2) 

 

Equation (2) thus shows that the number of TPs depends on the prevalence, test sensitivity and 

total number of tests performed. Using 𝑃(¬𝑇|¬𝐼)=specificity, 𝑃(𝑇|¬𝐼)=1−specificity, 

and𝑃(¬𝑇|𝐼)=1−sensitivity, an analogous derivation leads to 

 

𝐹𝑃 = 𝑃(¬𝐼|𝑇) × # 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑡𝑒𝑠𝑡𝑠 = (1 − 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) × (1 − 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒) × # 𝑡𝑒𝑠𝑡𝑠 (3) 

 



𝑇𝑁 = 𝑃(¬𝐼|¬𝑇) × # 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑡𝑒𝑠𝑡𝑠 = 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 × (1 − 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒) × # 𝑡𝑒𝑠𝑡𝑠 (4) 

 

𝐹𝑁 = 𝑃(𝐼|¬𝑇) × # 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑡𝑒𝑠𝑡𝑠 = (1 − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦) × 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒 × # 𝑡𝑒𝑠𝑡𝑠 (5) 

 

2.2 Implementation  

We developed an SQL (Structured Query Language) query that generates all possible Bayesian 

CMs for a (series of) diagnostic test results, without making assumptions about prevalence, 

sensitivity or specificity.  

The code in standard SQL is given as follows (Code 1):  

with tests as  

( 

select  

 :report_id::text as report_id, -- Feel free to call with any string, e.g. date-string 

 :tests as tests_performed, -- integer 

 :cases as positives_reported --integer 

), 

 

permutations as 

( 

select 

 (prevalence::numeric / 1000)::numeric as prevalence, 

 (sensitivity::numeric / 1000)::numeric as sensitivity, 

 (specificity::numeric / 1000)::numeric as specificity 

from 

 generate_series(1, 500, 1) as prevalence, 

 generate_series(30, 999, 5) as sensitivity, 

 generate_series(75, 999, 5) as specificity 

), 

 

matrices as 

( 

select  

 t.report_id, 

 t.tests_performed, 

 t.positives_reported, 

 round(prevalence, 2) as prevalence, --just for cosmetic purposes 

 round(sensitivity, 3) as sensitivity, 

 round(specificity, 3) as specificity, 

 (t.tests_performed * prevalence)::int as has_disease, --calculation with full precision 

for data type numeric, but 

 (t.tests_performed * (1 - prevalence))::int as hasnot_disease, --casting to integer for 

cosmetic purposes 

 (t.tests_performed * prevalence * sensitivity)::int as true_positives, 

 (t.tests_performed * (1 - prevalence) * specificity)::int as true_negatives 

from  



 tests t, 

 permutations p 

) 

 

select  

 *, 

 hasnot_disease - true_negatives as false_positives, 

 has_disease - true_positives as false_negatives 

from  

 matrices 

where 

 (true_positives + (hasnot_disease - true_negatives)) = positives_reported 

order by 

 report_id, 

 prevalence, 

 sensitivity, 

 specificity 

In plain language, this code says: Given the test results and given all possible permutations and 

consequently all possible CMs, only return those CMs that match the test results. We make no 

assumptions about any of the three variables in the permutations, therefore the query 

considers all of them. Only with the resulting CMs that match the input data, we can perhaps 

identify patterns that provide insights for further investigation. 

In order to produce CMs for a series of reports, such as daily test result numbers, several 

approaches are possible. For performance purposes, we advise using a Batch/Script approach 

(Code 2): 

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-10'  --set=tests=28757  -

-set=cases=3829 -f generate_matrices.sql > 2021-01-10.out 

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-11'  --set=tests=43944  -

-set=cases=5392 -f generate_matrices.sql > 2021-01-11.out 

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-12'  --set=tests=40643  -

-set=cases=4923 -f generate_matrices.sql > 2021-01-12.out 

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-13'  --set=tests=47387  -

-set=cases=5098 -f generate_matrices.sql > 2021-01-13.out 

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-14'  --set=tests=48412  -

-set=cases=5105 -f generate_matrices.sql > 2021-01-14.out 

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-15'  --set=tests=46015  -

-set=cases=4736 -f generate_matrices.sql > 2021-01-15.out 

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-16'  --set=tests=36880  -

-set=cases=3695 -f generate_matrices.sql > 2021-01-16.out 

 

This produces “.out” text files that the user can pick up and merge together according to her or 

his own preferences. 

The performance of the query depends on the three statements that determine the ranges and 

step sizes by which prevalence, sensitivity and specificity are varied. For example, the following 

SQL query results in 17,945,000 permutations (Code 3): 



select  

 count(*)  

from  

 generate_series(1, 500, 1) as prevalence, 

 generate_series(30, 999, 5) as sensitivity, 

 generate_series(75, 999, 5) as specificity 

 

If a user’s computer cannot handle the number of iterations, she/he can narrow the range, for 

instance, by increasing step size from 1 to 5 or even higher. This will reduce resolution and the 

corresponding number of matrices that match the input.  

When narrowing the step size in the permutations, we recommend to widen the scope in the 

WHERE clause at the end. The example below provides a 0.1% margin in the match. If you 

increase step-size, you should widen the margins too (Code 4). 

 

where 

 (true_positives + (hasnot_disease - true_negatives)) between 

0.999*positives_reported::numeric and 1.001*positives_reported::numeric 

 

The following example shows how to perform the above SQL query against a PostgreSQL 

instance from a MS-DOS Command Prompt and displays the result (Code 5):  

psql -t -h localhost -d postgres -U postgres -A --set=report_id='2021-01-10'  --set=tests=28757  -

-set=cases=3829 -f generate_matrices.sql 

 

report_id|tests_performed|positives_reported|prevalence|sensitivity|specificity|has_disease|hasnot

_disease|true_positives|true_negatives|false_positives|false_negatives 

2021-01-10|28757|3829|0.010|0.980|0.875|275|28482|269|24922|3560|6 

2021-01-10|28757|3829|0.019|0.040|0.865|554|28203|22|24396|3807|532 

2021-01-10|28757|3829|0.025|0.060|0.865|711|28046|43|24260|3786|668 

2021-01-10|28757|3829|0.025|0.850|0.885|711|28046|604|24821|3225|107 

2021-01-10|28757|3829|0.027|0.780|0.885|786|27971|613|24755|3216|173 

2021-01-10|28757|3829|0.029|0.070|0.865|826|27931|58|24160|3771|768 

2021-01-10|28757|3829|0.033|0.080|0.865|960|27797|77|24045|3752|883 

2021-01-10|28757|3829|0.033|0.370|0.875|960|27797|355|24323|3474|605 

2021-01-10|28757|3829|0.033|0.660|0.885|960|27797|633|24601|3196|327 

2021-01-10|28757|3829|0.041|0.090|0.865|1172|27585|105|23861|3724|1067 

2021-01-10|28757|3829|0.047|0.700|0.895|1362|27395|953|24519|2876|409 

2021-01-10|28757|3829|0.050|0.480|0.885|1432|27325|687|24183|3142|745 

2021-01-10|28757|3829|0.055|0.960|0.915|1582|27175|1519|24865|2310|63 

2021-01-10|28757|3829|0.074|0.110|0.865|2136|26621|235|23027|3594|1901 

2021-01-10|28757|3829|0.082|0.560|0.905|2361|26396|1322|23889|2507|1039 

2021-01-10|28757|3829|0.095|0.590|0.915|2743|26014|1618|23803|2211|1125 

2021-01-10|28757|3829|0.095|0.780|0.935|2743|26014|2139|24324|1690|604 

2021-01-10|28757|3829|0.111|0.680|0.935|3186|25571|2167|23909|1662|1019 

2021-01-10|28757|3829|0.111|0.760|0.945|3186|25571|2422|24164|1407|764 

2021-01-10|28757|3829|0.157|0.820|0.995|4522|24235|3708|24114|121|814 

2021-01-10|28757|3829|0.333|0.390|0.995|9572|19185|3733|19089|96|5839 



2021-01-10|28757|3829|0.368|0.130|0.865|10579|18178|1375|15724|2454|9204 

2021-01-10|28757|3829|0.497|0.040|0.775|14280|14477|571|11219|3258|13709 

(23 rows) 

 

The above results show all possible Bayes CMs, given 28,757 tests and 3,829 positive outcomes 

without making any assumption for prevalence, sensitivity or specificity. These results can be 

used in any tool of choice to visualize or evaluate. Examples will be given in the Results section. 

 

2.3 Data  

In its current form, the SQL query takes three parameters for which only two are being used in 

the generation of the matrices. For the examples demonstrated in the Results section below, 

we extracted SARS-CoV-19 test data from the Dutch Corona Dashboard database 

(https://coronadashboard.rijksoverheid.nl/landelijk/positief-geteste-mensen), the German RKI database 

(https://www.rki.de/DE/Content/InfAZ/N/Neuartiges_Coronavirus/Situationsberichte/Jan_2021/2021-01-20-

de.pdf?__blob=publicationFile) and two UK data sources (https://coronavirus.data.gov.uk/details/testing, 

https://coronavirus.data.gov.uk/details/cases). 

 

3. Results 

In the following section we provide three examples that demonstrate the application of our 

calculator for The Netherlands, Germany and The United Kingdom. 

 

3.1 Example 1: The Dutch Corona Dashboard data 

SARS-CoV-2 test data have been extracted for January 10th 2021. There were 28,757 tests with 

3,829 positive results. The calculator yielded 23 possible solutions that matched the number of 

positive tests. These were simply pasted into an MS Excel sheet to produce the plot displayed in 

Figure 1.  The results are also and tabulated in Table 2. Most solutions favored a prevalence 

below 10%, but in these cases more false than true positives would have been measured. There 

were two solutions, one for a prevalence of 15.7%, the other for 33.3%, where the majority of 

positive tests would have been TPs. 
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Figure 1. Example showing all possible confusion matrices for one report from the Dutch 

Corona dashboard at 10-jan-2021, true positives and false positives. Note that prevalence 

increases non-linearly because only the solutions fitting the observed data are plotted. 

 

 



Figure 2. Example showing all possible confusion matrices for one report from the Dutch 

Corona dashboard at 10-jan-2021, true positives and false negatives. Note that prevalence 

increases non-linearly because only the solutions fitting the observed data are plotted. 

Table 2. Dutch Corona Dashboard spreadsheet for January 10th 2021. 

 

report_ 
date 

tests_ 
performed 

positives_ 
reported prevalence sensitivity specificity 

has_ 
disease 

hasnot_ 
disease 

true_ 
positives 

true_ 
negatives 

false_ 
positives 

false_ 
negatives 

10-Jan-21  28 757   3 829  1,0% 98,0% 87,5%  275   28 482   269   24 922   3 560   6  

10-Jan-21  28 757   3 829  1,9% 4,0% 86,5%  554   28 203   22   24 396   3 807   532  

10-Jan-21  28 757   3 829  2,5% 6,0% 86,5%  711   28 046   43   24 260   3 786   668  

10-Jan-21  28 757   3 829  2,5% 85,0% 88,5%  711   28 046   604   24 821   3 225   107  

10-Jan-21  28 757   3 829  2,7% 78,0% 88,5%  786   27 971   613   24 755   3 216   173  

10-Jan-21  28 757   3 829  2,9% 7,0% 86,5%  826   27 931   58   24 160   3 771   768  

10-Jan-21  28 757   3 829  3,3% 8,0% 86,5%  960   27 797   77   24 045   3 752   883  

10-Jan-21  28 757   3 829  3,3% 37,0% 87,5%  960   27 797   355   24 323   3 474   605  

10-Jan-21  28 757   3 829  3,3% 66,0% 88,5%  960   27 797   633   24 601   3 196   327  

10-Jan-21  28 757   3 829  4,1% 9,0% 86,5%  1 172   27 585   105   23 861   3 724   1 067  

10-Jan-21  28 757   3 829  4,7% 70,0% 89,5%  1 362   27 395   953   24 519   2 876   409  

10-Jan-21  28 757   3 829  5,0% 48,0% 88,5%  1 432   27 325   687   24 183   3 142   745  

10-Jan-21  28 757   3 829  5,5% 96,0% 91,5%  1 582   27 175   1 519   24 865   2 310   63  

10-Jan-21  28 757   3 829  7,4% 11,0% 86,5%  2 136   26 621   235   23 027   3 594   1 901  

10-Jan-21  28 757   3 829  8,2% 56,0% 90,5%  2 361   26 396   1 322   23 889   2 507   1 039  

10-Jan-21  28 757   3 829  9,5% 59,0% 91,5%  2 743   26 014   1 618   23 803   2 211   1 125  

10-Jan-21  28 757   3 829  9,5% 78,0% 93,5%  2 743   26 014   2 139   24 324   1 690   604  

10-Jan-21  28 757   3 829  11,1% 68,0% 93,5%  3 186   25 571   2 167   23 909   1 662   1 019  

10-Jan-21  28 757   3 829  11,1% 76,0% 94,5%  3 186   25 571   2 422   24 164   1 407   764  

10-Jan-21  28 757   3 829  15,7% 82,0% 99,5%  4 522   24 235   3 708   24 114   121   814  

10-Jan-21  28 757   3 829  33,3% 39,0% 99,5%  9 572   19 185   3 733   19 089   96   5 839  

10-Jan-21  28 757   3 829  36,8% 13,0% 86,5%  10 579   18 178   1 375   15 724   2 454   9 204  

10-Jan-21  28 757   3 829  49,7% 4,0% 77,5%  14 280   14 477   571   11 219   3 258   13 709  

 

 

 

3.2 Example 2: The German RKI data 

This example, plotted in Figure 2 and tabulated in Table 3, shows the possible results obtained 

for week 2 in 2021 published by the German government organization Robert-Koch Institute 

(RKI). The time to obtain all CMs fitting the data was 1m42s on an IMac using PostgreSQL 

version 12 with no performance tuning, so the process was limited to 11MB ram usage. It is 

interesting to see that compared to the Dutch example (Figure 1), there is now a larger number 

of possible combinations consistent with the data, and FP numbers seem less dramatic in most 



of the CMs generated. However, a general trend of increasing FP number with decreasing 

prevalence can also be seen in this example. Note that now prevalence, sensitivity and 

specificity are regarded as weekly averages, while in the Dutch example they are specific to one 

day (January 10th 2021). 

 

 

Figure 3. Results for German RKI data for week 2 in 2021, true and false positives. Note that 

prevalence increases non-linearly because only the solutions fitting the observed data are 

plotted. 

 

 

 

 

 

 

 

 



 

Figure 4. Results for German RKI data for week 2 in 2021, true and false negatives. Note that 

prevalence increases non-linearly because only the solutions fitting the observed data are 

plotted. 

 

 

Table 3. Results for German RKI data for week 2 in 2021 (17). 

 

report_dat
e 

Tests_performed positives_reported prevalence sensitivity specificity has_disease hasnot_disease true_positives true_negatives false_positives false_negatives 

10-Jan-21  1 146 983   120 410  0,0% 8,5% 89,5%  1 147   1 145 836   97   1 025 523   120 313   1 050  

10-Jan-21  1 146 983   120 410  0,0% 9,5% 89,5%  2 294   1 144 689   218   1 024 497   120 192   2 076  

10-Jan-21  1 146 983   120 410  0,0% 10,0% 89,5%  4 588   1 142 395   459   1 022 444   119 951   4 129  

10-Jan-21  1 146 983   120 410  1,0% 51,5% 90,0%  13 764   1 133 219   7 088   1 019 897   113 322   6 676  

10-Jan-21  1 146 983   120 410  1,0% 93,0% 90,0%  6 882   1 140 101   6 400   1 026 091   114 010   482  

10-Jan-21  1 146 983   120 410  3,0% 62,5% 91,0%  32 116   1 114 867   20 072   1 014 529   100 338   12 044  

https://www.zotero.org/google-docs/?cDcg2c


10-Jan-21  1 146 983   120 410  3,0% 82,5% 91,5%  30 969   1 116 014   25 549   1 021 153   94 861   5 420  

10-Jan-21  1 146 983   120 410  4,0% 64,0% 91,5%  41 291   1 105 692   26 426   1 011 708   93 984   14 865  

10-Jan-21  1 146 983   120 410  4,0% 86,5% 93,0%  50 467   1 096 516   43 654   1 019 760   76 756   6 813  

10-Jan-21  1 146 983   120 410  5,0% 45,5% 91,5%  61 937   1 085 046   28 181   992 817   92 229   33 756  

10-Jan-21  1 146 983   120 410  7,0% 35,5% 91,5%  84 877   1 062 106   30 131   971 827   90 279   54 746  

10-Jan-21  1 146 983   120 410  7,0% 79,0% 94,5%  77 995   1 068 988   61 616   1 010 194   58 794   16 379  

10-Jan-21  1 146 983   120 410  8,0% 16,0% 90,0%  95 200   1 051 783   15 232   946 605   105 178   79 968  

10-Jan-21  1 146 983   120 410  8,0% 65,0% 94,5%  96 347   1 050 636   62 625   992 851   57 785   33 722  

10-Jan-21  1 146 983   120 410  8,0% 89,5% 96,0%  87 171   1 059 812   78 018   1 017 420   42 392   9 153  

10-Jan-21  1 146 983   120 410  9,0% 84,5% 97,0%  105 522   1 041 461   89 166   1 010 217   31 244   16 356  

10-Jan-21  1 146 983   120 410  9,0% 88,5% 97,5%  106 669   1 040 314   94 402   1 014 306   26 008   12 267  

10-Jan-21  1 146 983   120 410  9,0% 95,5% 97,5%  98 641   1 048 342   94 202   1 022 134   26 208   4 439  

10-Jan-21  1 146 983   120 410  10,0% 56,5% 94,5%  112 404   1 034 579   63 508   977 677   56 902   48 896  

10-Jan-21  1 146 983   120 410  11,0% 23,0% 91,0%  122 727   1 024 256   28 227   932 073   92 183   94 500  

10-Jan-21  1 146 983   120 410  11,0% 27,0% 91,5%  123 874   1 023 109   33 446   936 145   86 964   90 428  

10-Jan-21  1 146 983   120 410  11,0% 40,0% 93,0%  121 580   1 025 403   48 632   953 625   71 778   72 948  

10-Jan-21  1 146 983   120 410  11,0% 61,0% 96,0%  130 756   1 016 227   79 761   975 578   40 649   50 995  

10-Jan-21  1 146 983   120 410  12,0% 47,5% 94,5%  136 491   1 010 492   64 833   954 915   55 577   71 658  

10-Jan-21  1 146 983   120 410  12,0% 67,0% 97,5%  142 226   1 004 757   95 291   979 638   25 119   46 935  

10-Jan-21  1 146 983   120 410  13,0% 33,5% 93,0%  151 402   995 581   50 720   925 891   69 690   100 682  

10-Jan-21  1 146 983   120 410  13,0% 64,5% 97,5%  147 961   999 022   95 435   974 047   24 975   52 526  

10-Jan-21  1 146 983   120 410  15,0% 39,5% 94,5%  168 607   978 376   66 600   924 566   53 810   102 007  

10-Jan-21  1 146 983   120 410  16,0% 29,0% 93,0%  182 370   964 613   52 887   897 090   67 523   129 483  

10-Jan-21  1 146 983   120 410  17,0% 5,5% 88,5%  191 546   955 437   10 535   845 562   109 875   181 011  



10-Jan-21  1 146 983   120 410  17,0% 32,0% 94,0%  198 428   948 555   63 497   891 642   56 913   134 931  

10-Jan-21  1 146 983   120 410  17,0% 42,0% 96,0%  196 134   950 849   82 376   912 815   38 034   113 758  

10-Jan-21  1 146 983   120 410  19,0% 45,5% 97,5%  213 339   933 644   97 069   910 303   23 341   116 270  

10-Jan-21  1 146 983   120 410  20,0% 31,0% 94,5%  224 809   922 174   69 691   871 455   50 719   155 118  

10-Jan-21  1 146 983   120 410  22,0% 17,5% 91,5%  254 630   892 353   44 560   816 503   75 850   210 070  

10-Jan-21  1 146 983   120 410  23,0% 32,5% 96,0%  261 512   885 471   84 991   850 052   35 419   176 521  

10-Jan-21  1 146 983   120 410  24,0% 26,5% 94,5%  272 982   874 001   72 340   825 931   48 070   200 642  

10-Jan-21  1 146 983   120 410  25,0% 9,0% 89,0%  287 893   859 090   25 910   764 590   94 500   261 983  

10-Jan-21  1 146 983   120 410  25,0% 12,0% 90,0%  285 599   861 384   34 272   775 246   86 138   251 327  

10-Jan-21  1 146 983   120 410  26,0% 33,5% 97,5%  295 922   851 061   99 134   829 785   21 276   196 788  

10-Jan-21  1 146 983   120 410  28,0% 4,0% 87,0%  318 861   828 122   12 754   720 466   107 656   306 107  

10-Jan-21  1 146 983   120 410  29,0% 5,5% 87,5%  328 037   818 946   18 042   716 578   102 368   309 995  

10-Jan-21  1 146 983   120 410  29,0% 22,5% 94,5%  337 213   809 770   75 873   765 233   44 537   261 340  

10-Jan-21  1 146 983   120 410  31,0% 6,0% 87,5%  353 271   793 712   21 196   694 498   99 214   332 075  

10-Jan-21  1 146 983   120 410  32,0% 4,0% 86,5%  362 447   784 536   14 498   678 624   105 912   347 949  

10-Jan-21  1 146 983   120 410  32,0% 18,0% 93,0%  364 741   782 242   65 653   727 485   54 757   299 088  

10-Jan-21  1 146 983   120 410  33,0% 26,0% 97,0%  373 916   773 067   97 218   749 875   23 192   276 698  

10-Jan-21  1 146 983   120 410  36,0% 7,0% 87,5%  417 502   729 481   29 225   638 296   91 185   388 277  

10-Jan-21  1 146 983   120 410  36,0% 19,5% 94,5%  409 473   737 510   79 847   696 947   40 563   329 626  

10-Jan-21  1 146 983   120 410  36,0% 22,0% 96,0%  414 061   732 922   91 093   703 605   29 317   322 968  

10-Jan-21  1 146 983   120 410  37,0% 24,0% 97,5%  426 678   720 305   102 403   702 298   18 007   324 275  

10-Jan-21  1 146 983   120 410  41,0% 23,5% 98,5%  469 116   677 867   110 242   667 699   10 168   358 874  

10-Jan-21  1 146 983   120 410  42,0% 7,0% 87,0%  478 292   668 691   33 480   581 761   86 930   444 812  

10-Jan-21  1 146 983   120 410  43,0% 12,5% 91,0%  490 909   656 074   61 364   597 028   59 046   429 545  



10-Jan-21  1 146 983   120 410  48,0% 16,0% 94,5%  545 964   601 019   87 354   567 963   33 056   458 610  

10-Jan-21  1 146 983   120 410  50,0% 11,0% 90,0%  571 198   575 785   62 832   518 207   57 578   508 366  

10-Jan-21  1 146 983   120 410  50,0% 11,5% 90,5%  572 345   574 638   65 820   520 048   54 590   506 525  

 

3.3 Example 3: The UK data 

On January 11th 2021, the UK government reported 536,947 tests with 56,733 positives. 

The query time to obtain all CMs fitting this data was 1m37s. The results are plotted in Figure 3 

and displayed in Table 4. Again, most solutions indicate significant amounts of FP results, and 

only for high prevalence numbers in the range 16-29% is the FP rate below 50%.  

 

 

Figure 5. Results for United Kingdom / ONS-data for week 2 in 2021, true and false positives. 

Note that prevalence increases non-linearly because only the solutions fitting the observed 

data are plotted. 

 

 



 

Figure 6. Results for United Kingdom / ONS-data for week 2 in 2021, true and false negatives. 

Note that prevalence increases non-linearly because only the solutions fitting the observed 

data are plotted. 

 

 

Table 4: Results for UK Data for week 2 in 2021. 

 

report_dat
e 

tests_performed positives_reported prevalence sensitivity specificity has_disease hasnot_disease true_positives true_negatives false_positives false_negatives 

11-Jan-21  536 947   56 733  2,0% 96,0% 91,0%  9 665   527 282   9 278   479 827   47 455   387  

11-Jan-21  536 947   56 733  3,0% 50,5% 90,5%  13 961   522 986   7 050   473 303   49 683   6 911  

11-Jan-21  536 947   56 733  3,0% 67,0% 91,0%  14 498   522 449   9 713   475 429   47 020   4 785  

11-Jan-21  536 947   56 733  4,0% 12,0% 89,5%  23 626   513 321   2 835   459 423   53 898   20 791  

11-Jan-21  536 947   56 733  4,0% 35,5% 90,5%  22 015   514 932   7 815   466 014   48 918   14 200  

11-Jan-21  536 947   56 733  4,0% 80,5% 92,5%  22 552   514 395   18 154   475 816   38 579   4 398  



11-Jan-21  536 947   56 733  6,0% 36,0% 91,0%  31 143   505 804   11 211   460 282   45 522   19 932  

11-Jan-21  536 947   56 733  7,0% 11,5% 89,5%  35 439   501 508   4 075   448 850   52 658   31 364  

11-Jan-21  536 947   56 733  12,0% 22,5% 91,0%  62 286   474 661   14 014   431 942   42 719   48 272  

11-Jan-21  536 947   56 733  12,0% 51,0% 95,0%  64 971   471 976   33 135   448 378   23 598   31 836  

11-Jan-21  536 947   56 733  13,0% 11,0% 89,5%  70 877   466 070   7 796   417 133   48 937   63 081  

11-Jan-21  536 947   56 733  16,0% 51,5% 97,0%  83 764   453 183   43 138   439 588   13 595   40 626  

11-Jan-21  536 947   56 733  17,0% 18,0% 91,0%  93 429   443 518   16 817   403 602   39 916   76 612  

11-Jan-21  536 947   56 733  19,0% 42,0% 97,0%  104 168   432 779   43 750   419 796   12 983   60 418  

11-Jan-21  536 947   56 733  21,0% 25,5% 93,5%  114 907   422 040   29 301   394 608   27 432   85 606  

11-Jan-21  536 947   56 733  29,0% 18,0% 92,5%  156 789   380 158   28 222   351 647   28 511   128 567  

11-Jan-21  536 947   56 733  29,0% 29,0% 97,0%  156 252   380 695   45 313   369 275   11 420   110 939  

11-Jan-21  536 947   56 733  40,0% 5,5% 86,0%  216 927   320 020   11 931   275 218   44 802   204 996  

11-Jan-21  536 947   56 733  42,0% 3,0% 84,0%  224 444   312 503   6 733   262 503   50 000   217 711  

11-Jan-21  536 947   56 733  43,0% 10,0% 89,0%  233 035   303 912   23 303   270 482   33 430   209 732  

11-Jan-21  536 947   56 733  48,0% 9,0% 88,0%  256 661   280 286   23 099   246 652   33 634   233 562  

 

 

4. Discussion 

We have developed a Bayesian calculator tool allowing the estimation of possible values for the 

important variables prevalence, sensitivity and specificity on a daily or weekly basis (depending 

on the input data the user supplies). This in turn allows the calculation of real case numbers 

(divided into true positives and false negatives). The calculation is unbiased in that it uses all 

possible and sensible combinations of prevalence, sensitivity and specificity and letting Bayes’ 

theorem decide which ones match the actually observed data. The result for a given matching 

combination of these three parameters is provided in the form of a CM which contains the TP, 

TN, FP and FN numbers. In the case where more than one combination is compatible with the 

given data, the user may start simulating different scenarios or use prior knowledge, e.g. about 

the prevalence on a given date, to further constrain the combinatorial possibilities of the 

output variables. 



Prevalence is a crucial quantity for any inferences based on diagnostic tests, although in 

practise it is often not taken into account, resulting in the so-called base-rate fallacy (18). Our 

calculator may result in several possible prevalences compatible with the observed data; in this 

case, knowledge about the population having been tested may be used to constrain the 

possibilities. For example, in German hotspot regions in 2020, prevalences in the range 12-15% 

were estimated (19,20), while prevalence was zero in an asymptomatic German mother-and-

child population tested in April 2020 (21). However, during the SARS-CoV-2 crisis an 

unprecedented mass testing not only of symptomatic, but also asymptomatic cases emerged as 

a strategy. Our results indicate that most of the positive test results may have been FP, if we 

assume that prevalence was below 5%. Such an assumption appears reasonable, as serological 

data from the Netherlands have estimated a prevalence of 2.7 % in early April 2020 (22) . 

Our results therefore confirm the recent WHO statement “that disease prevalence alters the 

predictive value of test results; as disease prevalence decreases, the risk of false positive 

increases... This means that the probability that a person who has a positive result (SARS-CoV-2 

detected) is truly infected with SARS-CoV-2 decreases as prevalence decreases, irrespective of 

the claimed specificity” (23). This statement may be more accurately described as the number 

of TPs decreasing relative to a constant FP rate so the ‘risk of false positives’ only increases 

relative to the TP numbers but the FP frequency is assumed to remain constant across a given 

number of tests. However, multiple modes of error may be in play. We should not assume FPs 

are independent of contamination from TP samples. There are higher risks of contamination in 

rapidly growing laboratories. Contamination of samples in the low disease prevalence seasons 

(summer) will go unnoticed as they do not produce a qPCR signal. Contamination prone 

methods may only become evident in the form of elevated and perhaps falsely assumed TPs 

once the disease prevalence increases in the winter. 

In light of the WHO statement, the rationale for mass testing strategies implemented during 

periods of low prevalence (e.g. summer) appears questionable. Furthermore, mass testing 

increases the risk for poor sample handling and laboratory contamination which might partly 

explain the high FP numbers our calculator predicts. For example, Patrick et al. argued that 

besides intrinsic test performance, amplicon contamination due to high throughput processing 

of samples within a laboratory would be the best explanation for an increased rate of FP 

detections made during an outbreak of the human coronavirus HCoV-OC43 in a Canadian 

facility (24). 

While much attention has been placed on population frequency of disease and its impact on 

false positives, it is critical to understand the role of false negatives and the impact these can 

have on track and trace systems. The nasal swabs are known to vary tremendously in RNaseP Ct 

values suggesting highly variable sampling or limited RNA stability in the testing reagent chain 

(25). Woloshin et al. demonstrate 27-40% FNs with nasopharyngeal and throat swabs 

https://www.zotero.org/google-docs/?RyKjju
https://www.zotero.org/google-docs/?clm7B7
https://www.zotero.org/google-docs/?ZC4y0B
https://www.zotero.org/google-docs/?esv4XH
https://www.zotero.org/google-docs/?746BvA
https://www.zotero.org/google-docs/?dfxEWp


respectively and underscore the importance of understanding pretest probabilities when 

interpreting qPCR results(26). 

With the script presented here, we can think of many variations when it comes to the 

size/amount of permutations, its step-size (granularity) and the ‘where’ clause as well as the 

strictness of matching TP+FP against the reported positives. For example, one could also 

increment prevalence on a log-scale to account for the fact that prevalence in many settings of 

diseases is very low (14).  

We are aware that choices made in these areas have a significant impact on the number of 

matching CMs. An impact / sensitivity analysis was not performed, although we suspect that 

such analysis might reveal additional insights. However, we think that the amount of matching 

CMs per result that the above query produces, delivers sufficient material to make useful 

observations. 

Future research would be very beneficial to identify a solid balance between precision (step-

size in the permutations), number of matching CMs and overall query performance. 

 

5. Conclusions and Perspective 

We have developed a seminal, yet easy-to-use Bayesian calculator (Bayes Lines Tool, BLT) to 

estimate prevalence, sensitivity and specificity, and therefore TP, TN, FP and FN numbers, from 

official test outcome numbers. With typical reports - especially as produced for SARS-CoV-2 

tests - revealing just the number of positives and number of tests performed, this paper 

describes an SQL implementation for this concept that generates all corresponding CMs, along 

with all matching permutations of prevalence, specificity and sensitivity of the tests covered by 

such simplified reports. Its implementation is thereby not limited to SQL but can be applied on 

any platform of choice. 

The ability to assess posterior probability independent of the circumstances in which the 

diagnostic tests were performed, reveals a wide spectrum of opportunities for new applications 

both for the scientific community as well as for health professionals and policy makers around 

the globe. However, the tool may be especially relevant for the mass testing taking place within 

the containment strategies of worldwide governments against the SARS-CoV-2. The BLT SQL 

query for the first time allows one to display a real estimation of the SARS-CoV-2 situation 

against the background of testing volume and quality and thus will provide a valuable tool for 

decision makers to monitor the test strategy and the effect of interventional procedures. 

This tool will not only allow official institutions to survey the test situation and obtain a better 

basis for planning their interventions, but also allows for individuals who got tested, to use the 

confusion matrices as an aid for interpreting their test results in view of the population they 

https://www.zotero.org/google-docs/?NXePsg


were tested in. While much attention has been placed on population frequency of disease and 

its impact on false positives, it is critical to understand the role of false negatives and the 

impact these can have on track and trace systems. The nasal swabs are known to vary 

tremendously in RNaseP Ct values suggesting highly variable sampling or limited RNA stability in 

the testing reagent chain (25). Woloshin et al. demonstrate 27-40% FNs with nasopharyngeal 

and throat swabs respectively and underscore the importance of understanding pretest 

probabilities when interpreting qPCR results (26). These FN numbers are probably not due to 

the PCR itself, for which sensitivity is almost 100% (https://www.finddx.org/covid-19-

old/sarscov2-eval-molecular/), but a matter of handling issues and the above discussed 

problems. 

 

6.Data and software availability 

The SQL-code and an example implementation in Excel can be obtained at 

https://bayeslines.org/. 
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12. Figures Legends 

Figure 1 & 2: Example from the Dutch Corona Dashboard database for January 10th 2021. Note 

that prevalence increases non-linearly because only the solutions fitting the observed data are 

plotted. Figure 1 shows true & false positives, Figure 2 shows true & false negatives. 

Figure 3 & 4: Results for German RKI data for week 2 in 2021 (17). Note that prevalence 

increases non-linearly because only the solutions fitting the observed data are plotted. 

Figure 3 shows true & false positives, Figure 4 shows true & false negatives. 

Figure 5 & 6: Results for UK Data for week 2 in 2021. Note that prevalence increases non-

linearly because only the solutions fitting the observed data are plotted. 

Figure 5 shows true & false positives, Figure 6 shows true & false negatives. 
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