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Abstract 

The aim of this study was to detect safety signals for the 98 vaccines recorded in the VAERS dataset from 1990 to 2022 – a period 

of over 32 years. The metric used to detect safety signals was the Proportional Reporting Ratio (PRR). A single dataset   was 

created by concatenating the datasets for each year from 1990 to 2022. The resulting dataset had 8.7 million rows, each row 

consisting of three columns – ID, vaccine and symptom. There were 2 million unique VAERS-IDs, 98 unique vaccines and 16575 

unique symptoms. The dataset was then grouped by vaccine and grouped by symptom. Then the Proportional Reporting Ratios 

were calculated  for each symptom associated with each vaccine. The resulting data shows the safety signals for each vaccine.  

This data is of critical interest to the public, so has been made accessible through downloadable CSV files and through an online 

interface (interface) that enables users to read off the symptoms for each vaccine, sorted by PRR, and read off the vaccines for 

each symptom, sorted by PRR. See Appendix for downloadable CSVs. 

The dataset can also be used as a basis for identifying which features (symptoms) are most predictive of any particular target 

variable (symptom) – and so aide in diagnosis. It can also be used to determine if there is a high incidence of biomarkers for an 

illness, and consequently predict the likelihood of that illness following medication.. 

Significant safety signals were detected for the COVID-19 vaccine for different symptoms including cardiac disorder, thrombosis, 

cancer, menstrual disorder, and amyloidosis. 

The purpose and utility of this project lies in its usefulness to anyone 

thinking about taking any vaccine, or wanting to find out more about 

vaccines on their child's vaccine schedule. The interface enables users  to 

see which adverse effects are disproportionately associated with any 

vaccine. 

 

 

 

Introduction 

What is Proportional Reporting Ratio? 

An important method for detecting drug safety signals is 

Proportional Reporting Ratio . This method was created in 2001 by 

S.J.W Evans et al, "Use of Proportional Reporting Ratios (PRRs) for 

Signal Generation from Spontaneous Drug Reaction Reports" [1]. 

PRR calculates the percentage of reports where a particular 

symptom is recorded following administration of a drug A, and  sees 

if this varies significantly from the percentage of reports where the same symptom is recorded after administration of drug B. 

“The PRR is defined as the ratio between the frequency with which a specific adverse event is reported for the drug of 

interest (relative to all adverse events reported for the drug) and the frequency with which the same adverse event is 

reported for all drugs in the comparison group.”  

“For example, suppose that nausea was reported 83 times for a given drug of interest, out of 1356 adverse events 

reported for the drug. Thus the proportion of adverse events of nausea for this drug is 83/1356 = 0.061. Suppose that we 

wish to compare the drug of interest to a class of drugs, for which nausea was reported as an adverse event 1489 times, 

out of 53789 total adverse events reported for drugs in the class. Thus, nausea was reported with proportion 1489 / 

53789 = 0.028 for the class of drugs. The PRR in this case is 0.061 / 0.028 = 2.18. This tells us that nausea was reported 

more than twice as frequently (among all adverse event reports) for the drug of interest compared to drugs in the 

comparison group. “   Wikipedia, (2023), "Proportional Reporting Ratio" [2] 

  

Quick Access 

Interface :    interface 

CSV raw :    raw 

CSV Symptom count  count 

CSV Grouped by vaccine :  vax 

CSV Grouped by symptom :  sym 

Coding :     code 

  

https://knollfrank.github.io/HowBadIsMyBatch/SymptomsCausedByVaccines/index.html
https://en.wikipedia.org/wiki/Nausea
https://knollfrank.github.io/HowBadIsMyBatch/SymptomsCausedByVaccines/index.html
https://howbad.info/vaxsym.zip
https://howbad.info/fsym.zip
https://howbad.info/grouped-by-vaccine.zip
https://howbad.info/grouped-by-symptoms.zip
https://howbad.info/technical-prr.pdf


Usage of PRR by the European Medical Association (EMA) 

 

PRR is used for the detection of serious drug reactions (SDRs) by “the European Medical Association (EMA) in their 

EudraVigilance Data Analysis System 

“Different statistical methods to generate SDRs are in use. In the EudraVigilance Data Analysis System, the Proportional 

Reporting Ratio (PRR) has been implemented in the first release. Other methods will be considered for future 

implementation.”  

 

European Medicines Agency,(2006), "Guideline on the Use of Statistical Signal Detection Methods in the Eudravigilance 

Data Analysis System" [3]  

 

 

Usage of PRR by the Center for Disease Control (CDC) 

 

This method is also used by the Center for Disease Control (CDC) in the USA. On January 29th of 2021 the CDC released a 

document titled 'Vaccine Adverse Event Reporting System (VAERS) Standard Operating Procedures for COVID-19' (for official use 

only) which announced the CDC's intention: 

"CDC will perform Proportional Reporting Ratio (PRR) analysis [...], excluding laboratory results, to identify AEs that are 

disproportionately reported relative to other AEs. [...] To determine if results need further clinical review, consider if 

clinically important, unexpected findings, seriousness, specific syndrome or diagnosis rather than non-specific symptoms"  

 

Centers for Disease Control and Prevention, (2021), "Vaccine Adverse Event Reporting System (VAERS) Standard 

Operating Procedures for COVID-19 (as of 29 January 2021) [4] 

 

  



Defining a Strong Signal 

 

A strong signal is where PRR > 2, in other words where the frequency of the symptom for the drug of interest is twice as high as 

the frequency of that symptom for the comparator drug/s.  When PRR > 2, then there is a disproportionate occurrence of the 

symptom for the drug of interest compared to the comparator drugs.   

A strong signal is also defined by the confidence we can have in it. We can have more confidence in a signal if –  

1. the datasets of both the target and comparator drugs are large (a + b > 1000) and (c + d > 1000).  

2. if the PRR remains consistent across multiple different samples. 

3. if the symptom count is large (a > 10) and (c > 10) 

 

Strong Signal Criteria used by CDC 

 

The CDC uses the following criteria – 

1. (Symptom events >= 3)   

2. (PRR >= 2)  

3. (Chi-Square >= 4)  

See Ref : Excel spread sheets released by CDC through Freedom of Information request 

These are exactly the same criteria that were used by Evans in 2001 [1]. However, in study by van Puijenbroek E.P, et al, (2002), 

"A comparison of measures of disproportionality for signal detection in spontaneous reporting systems for adverse drug 

reactions" [5] , a comparison was made between the proportionality scores obtained by different methods, and the scores were 

found to become consistent when a > 10 and c > 10. 

 

A Technical Note on PRR 

 

PRR  >= 2, is the level used by the CDC to detect a safety signal. However, to be exact we should say that the lower confidence 

limit of PRR >= 2 

The lower and upper confidence limits are given by the equations here – 

Lower Confidence Limit = PRR/e1.96 x s 

Upper Confidence Limit = PRR x e1.96 x s 

s is the standard deviation, and is given by the formula - 

 

 

Ref : "Proportional Reporting Ratio",(May 2021), https://www.rxmd.com [6] 

 

 

 

  



 

Multiple samples : Sample variation is a possible cause of a high PRR. To rule this out, multiple samples of equal size should be 

taken to ensure that there is consistency in the PRR across samples. In this way we can know if the difference in PRR is due to 

random variation  or due to a significant difference between the drug reactions.  

Large  samples : Biased reporting might occur if one individual were inputting all the records. However if records are input by a 

large population of independent individuals then the effects of individual reporting bias would be lessened. 

The Need for Big Data : Because of the need for multiple, large, independent samples, it is important to gather as much data as 

possible.  In the study that follows, pharmacovigilance data is gathered from 32 years of VAERS records (1990 to 2022). This 

provides far stronger assessment of signals than relying on a single year of data. 

  



5 Preliminary Studies 

 

2 CDC (VAERS) Studies 

PRR for death (1990 - 2022) :  Paardekooper C., (2023), "Proportional Reporting Ratio - signal detection in 

pharmacovigilance" [7] 

PRR for COVID vs FLU vaccine : Paardekooper C.,(2023), "Major Differences between Effects of COVID and FLU Vaccines" 

[8] 

 

2 WHO (Vigiaccess) Studies 

PRR for COVID vs FLU vaccine :  Paardekooper C., (2023), "Comparing COVID Vaccine with INFLUENZA Vaccine using 

Vigiaccess.org database (WHO database)" [9] 

PRR for COVID vs 7 other vaccines : Paardekooper C., (2023), "Not the Same - comparing COVID jabs with other vaccines" [10] 

 

COVID vs FLU (cardiac symptoms) : Paardekooper C., (2023), "Comparing COVID19 and Flu Vaccines Using WHO Data" [11] 

 

  

https://howbad.info/prr7.pdf
https://howbad.info/flu-cov-symptoms.pdf
https://howbad.info/covid-vs-flu2.pdf
https://howbad.info/not-the-same2.pdf
https://howbad.info/who-prr-cardiac.pdf


Method 

 

1. Raw Dataset 

All of the vaccine adverse events records over the last 32 years were compiled into a single dataset. 

The dataset contained 2 columns  

1 Vaccine name 

2 Symptom  

The dataset had 8,685,997 rows, each row recording a symptom and the associated vaccine. There were a total of 

16575 unique symptoms and 98 different vaccines 

This dataset can be downloaded here –  Raw Data [12] (67.3 Mb)  
 

2. Grouped Datasets 

By Vaccine : This dataset was then grouped by vaccine, so you can select a vaccine column and see every symptom 

ranked by PRR.  

This dataset can be downloaded here –  Grouped by Vaccine [13] (1.6 Mb)   

By Symptom : This dataset was then grouped by symptom, so you can select a symptom column, and see every vaccine 

ranked by PRR. 

This dataset can be downloaded here – Grouped by Symptom [14] (1.2M) 

 

3. Technical Details 

Full technical details of how the dataset was read, pre-processed and grouped can be found in the Appendix or online 

here – Technical Details [15]  

 

4. Metric 

The metric used to compare vaccines is PROPORTION. This metric is called the PRR ratio.   

1. A symptom occurs with a frequency that is disproportionately high for one vaccine compared to another 

2. disproportion is consistent across many samples 

 

 

5. User Interface 

 

This data is of critical interest to the public, so has been made accessible through downloadable CSV files, and through 

an online interface ([16]) that enables users to read off the symptoms for each vaccine, sorted by PRR, and read off the 

vaccines for each symptom, sorted by PRR. 

The purpose and utility of this project lies in its usefulness to anyone thinking about taking any vaccine, or wanting to 

find out more about vaccines on their child's vaccine schedule. The interface enables users  to see which adverse effects 

are disproportionately associated with any vaccine. 

  

https://howbad.info/vaxsym.zip
https://howbad.info/grouped-by-vaccine.zip
https://howbad.info/grouped-by-symptoms.zip
https://howbad.info/technical-prr.pdf
https://knollfrank.github.io/HowBadIsMyBatch/SymptomsCausedByVaccines/index.html


Results 
 
 
The resulting dataset of PRR scores enables users to read off the symptoms for each vaccine, sorted by PRR, and read off the vac
cines for each symptom, sorted by PRR. 
 
A user can input a vaccine name, and see what symptoms are associated with it, and the PRR scores for each  
symptom. A symptom with a PRR score greater than 2 would be a safety signal, since it would be occurring with a disproportiona
tely high frequency for that vaccine.  Here is an example for COVID 19 vaccines. 
 

 
 
The user can also input a symptom name to see to see the vaccines associated with it in rank order. Here is an  
example –  
 

 
 
 



The purpose of the interface and the CSV files is to enable users carry out their own searches. However, here are  
some examples of strong safety signals for the  COVID19 vaccine compared to other vaccines. A strong signal is  
where the PRR > 2. 
 
Thrombosis Safety Signals 
 

 
 
Myocarditis Safety Signals 
 

 

Menstrual Safety Signals 
 

 
 
Cancer Safety Signals 
 

 
 

  



Symptoms can be filtered to identify all symptoms related to a particular disorder – for example Thrombosis. 

 
Thrombosis Safety Signals for COVID 19 vaccines only 
 

 
 
Myocarditis Safety Signals for COVID 19 vaccines only 
 

 

Menstrual Safety Signals for COVID 19 vaccines only 

 

 

  



Cancer Safety Signals for COVID 19 vaccines only 

 

  



Predicting the Incidence of an Illness from the Incidence of Bio-markers 

 

COVID 19 vaccines have been associated with the formation of amyloid clots within the circulatory system. These amyloid clots 

have been reported extensively – see Paardekooper C., (2023), "Undertakers provide evidence of Amyloid Clots in COVID 

Vaccinated" [17] 

A search of the dataset reveals that COVID19 vaccines generate a safety signal for amyloidosis – with a PRR of 3.55 

 

COVID19 vaccines also generates a safety signal for cerebral amyloid angiopathy. This is a condition where amyloid builds up on 

the walls of the arteries of the brain – with a PRR of 6.1 

 

 

Referring to the medical literature, "Blood Tests for Amyloidosis" [18], there are a number of biomarkers associated with 

amyloidosis. These include – 

• Paraproteinemia 

• Monoclonal Gammopathy 

• Serum amyloid A protein 

• Light Chain analysis 

• Blood alkaline phosphatase 

• Troponin T 

• Brain Natriuretic peptide 

• Blood Fibrinogen 

 
On the following pages are the PRR scores for each of these biomarkers. These PRR scores show that there is a 
disproportionately high incidence of these biomarkers with COVID-19 vaccines.  
 
 
Paraproteinaemia 

 

 

  

https://howbad.info/index.html#undertakers


Monoclonal Gammopathy 

 

 

Serum Amyloid A Protein 

 

 

Light Chain Analysis 

 

 
Troponin T 

 

 

Brain Natriuretic Peptide 

 

 



Blood Fibrinogen 

 
 

Blood Alkaline Phosphatase 

 

Given the high incidence of bio-markers that indicate amyloidosis, we can predict that amyloidosis will be an effect of the COVID-
19 vaccine, in the same way that a high incidence of Troponin and Brain Natriuretic Peptide are indicative of heart damage. 

 
 

  



Clotting Biomarkers 

 

A high incidence of Fibrin D-Dimer, Coagulation Factor, Coagulation Factor V, and Coagulation Factor VII are indicative of clotting.  

 
Fibrin D-Dimer 

 

Abnormal Clotting Factor 

 

 
Here are the PRRs for coagulation related adverse reactions following COVID-19 vaccination 

 

 

So if we know the biomarkers for a particular illness, then we can use the database to see the degree to which those biomarkers 
are over represented with a particular vaccine, and hence determine whether the illness will be associated with the vaccine. 

Conversely, this dataset can be used with a classification algorithm to predict the occurrence of a target variable (e.g. 
myocarditis) based on the PRR values for the 16575 symptoms. In this way, those symptoms most predictive of the target 
variable can be isolated, so the dataset has diagnostic value. 

  



Do Clinical Studies Support an Association Between COVID Vaccines and High PRR Scores 

 

The safety signals found for COVID 19 vaccines have been confirmed by clinical studies.  

See here –  

1. [19] Published Science Database - React19 

2. [20] 1000 peer reviewed articles on “Vaccine” injuries (drtrozzi.org) 

3. [21] Data from Autopsies 

  

https://react19.org/science
https://drtrozzi.org/2023/09/28/1000-peer-reviewed-articles-on-vaccine-injuries/
https://howbad.info/index.html#autopsy


Confirmation of PRRs by CDC FOI Request 

 

Ref : [22] CDC Finds Hundreds of Safety Signals for Pfizer and Moderna COVID-19 Vaccines 

Here are the excel files released by the CDC - 

7.29.22 Table 5 PRR of PTs for COVID19 mRNA Compared to Non-COVID  

7.22.29 Table 5 PRR of PTs for COVID19 mRNA Compared to Non-COVID  

7.15.29 Table 5 PRR of PTs for COVID19 mRNA Compared to Non-COVID  

 

The PRRs are >> 2 and are comparable to the magnitude of PRR found in my study. Differences arise due to the period over 

which data was collected. The CDC data for non-COVID19 was collected from 1st January 1st 2009 until 29th July 2022. The data 

for COVID 19 mRNA was collected from 14th December 2020 till 29th July 2022. In comparison, I gathered all VAERS data from 

1990 till November 2022. 

 

Screenshot of CDC data 

 

 

 

https://www.theepochtimes.com/health/exclusive-cdc-finds-hundreds-of-safety-signals-for-pfizer-and-moderna-covid-19-vaccines-4956733
https://img.theepochtimes.com/assets/uploads/2023/01/03/Final-7-29-Table5-PRR-of-PTs-for-COVID19-mRNA-Compared-to-2009_2022-NON-COVID19_07.29.2022.xlsx?_gl=1*1o03xts*_gcl_au*MTU4Mzk4OTA2OS4xNjk0Mjg4Mjgz
https://img.theepochtimes.com/assets/uploads/2023/01/03/Final-7-22-Table5-PRR-of-PTs-for-COVID19-mRNA-Compared-to-2009_2022-NON-COVID19_07.22.2022.xlsx?_gl=1*40kmg9*_gcl_au*MTU4Mzk4OTA2OS4xNjk0Mjg4Mjgz
https://img.theepochtimes.com/assets/uploads/2023/01/03/Final-7-15-Table5-PRR-of-PTs-for-COVID19-mRNA-Compared-to-2009_2022-NON-COVID19_07.15.2022.xlsx?_gl=1*40kmg9*_gcl_au*MTU4Mzk4OTA2OS4xNjk0Mjg4Mjgz


 

 

 



APPENDIX : TECHNICAL DETAILS OF METHODOLOGY 

 

Source Data and Files 

[23] VAERS Nov 11th Downloadable files (vaersaware.com) 

 

Reading the VAERSVAX Files 

 

 

 

Stats on the Data 

2352562 unique VAERS IDs  [datasetvax[‘VAERS_ID’].nunique()] 

2856247 total number of VAERS Ids  [datasetvax[‘VAERS_ID’].count()] 

503685 are VAERS Ids are duplicated 

 

  

https://www.vaersaware.com/post/vaers-nov-11th-downloadable-files


Removing Duplicates 

Why are they duplicated? Because they represent two or more different vaccines that a person had at the same time. Taking 

multiple medicines makes it hard to attribute adverse effects to a particular medicine, so these records are removed. When they 

are dropped, we have 2049804 unique VAERS IDs and 2049804 VAERS IDs in total. So now we just have one of each VAERS ID. 

This means that we have 2049804 records where each person took one vaccine and had one set of adverse symptoms. This is 

ideal for pharmacovigilance. 

 

[This could be further refined selecting those on no medications at the time of vaccination, and those with no pre-existing 

illnesses – which would require looking at the VAERSDATA table] 

 

Removing Vaccines with Too Few Reports 

Here are the number of reports for each vaccine in VAERSVAX. If we are doing a statistical analysis, those vaccines that have 

fewer than 100 reports will generate unreliable scores, so should be dropped. I haven’t done this in the current analysis. 

 

[datasetvax['VAX_TYPE'].value_counts()] 

 
COVID19  1391183 
VARZOS  98254 
FLU3  71582 
HEP              42877 
PPV              42262 
VARCEL  40604 
HPV4  36590 
FLU4  29085 
MMR  26953 
FLUX  23054 
TDAP  20383 
UNK  15168 
PNC13  13973 
HPV9  12957 
HEPA  12618 
TD  11715 
RV5  11673 
DTAP  10456 
MMRV  9443 
MNQ   8620 
MENB  8030 
FLU(H1N1) 7735 
COVID19-2         6641 
HIBV  6520 
ANTH  6148 
FLUN3  5269 
FLUC4  5037 
RAB  4596 
HPV2  4580 
PNC  4210 
RV1  4062 
TYP  3908 
SMALL  3851 

FLUN4             3815 
HEPAB             3504 
DTAPIPV           3367 
DTP               2899 
FLUN(H1N1)        2607 
FLUA3             2437 
DTAPIPVHIB        2414 
TTOX              2383 
LYME              2188 
FLUX(H1N1)        2150 
IPV               2134 
FLUR4             2081 
HPVX              2043 
YF                 1553 
MEN               1543 
FLUA4             1467 
SMALLMNK          1227 
DT                1221 
DTAPHEPBIP        1138 
FLUC3             1083 
DTPHIB             836 
RUB                825 
MEA                522 
PNC20              465 
RVX                448 
HBHEPB             338 
JEV                290 
BCG                284 
FLUR3              225 
DF                 217 
OPV                192 
JEV1               191 
6VAX-F             188 

RV                 184 
DTPPVHBHPB         150 
MU                 121 
DTAPH              117 
MER                107 
CHOL               107 
PER                 69 
ADEN_4_7            61 
MM                  56 
DPP                 53 
TDAPIPV             50 
EBZR                44 
DTPIPV              37 
TBE                 34 
PNC15               30 
CEE                 30 
DTPHEP              28 
DTIPV               26 
JEVX                25 
DTPPHIB             21 
HBPV                20 
PLAGUE              20 
PNC10               20 
DTPIHI              19 
DTOX                18 
HEPATYP             16 
MUR                  9 
MENHIB               6 
H5N1                 4 
MNC                  4 
SSEV                 3 
MNQHIB               3  

Symptoms 



There are 5 symptoms columns in VAERS – labelled SYMPTOM1, SYMPTOM2, SYMPTOM3, SYMPTOM4, SYMPTOM5. There can 

be more than one row of symptoms for each VAERS ID 

 

Reading the VAERSSYMPTOMS Files 

 

 

Removal of Null Values from SYMPTOM1 Column 

There are a total count of 15682620 records in datasetsymptoms found by counting the VAERS-IDs. However this is comprised o
f comprised of 9959381 symptoms and 5723239 null values. 
 

• 15682620   symptom records 

• 9959381   symptoms 

• 5723239  nulls 
 

 
These null values were removed leaving –  

• 9959381   symptom records where there were  

• 9959381  symptoms 

• 2352303  VAERS-IDs 
 

 
 
These are the symptoms for 2352303 unique VAERS-IDs, which closely corresponds to the original number of VAERS-IDs in the V
AERSVAX table before duplicates were removed.  
 
 
 
 
 
  



Counting the Frequency of Each Symptom and Exporting to a Dataframe 
 

 
 

 

 

  



Merging 
 
 
The datsetvax table was then merged with the datasetsymptoms table on the common field of VAERS-ID, so we end up with - 
 

• 8685997 records 

• 2049647 unique (VAERS_ID) 

• 16575 unique (SYMPTOM1) 

• 98 unique vaccines (VAX_TYPE) 

• averaging 4.237 symptoms per report (VAERS_ID).  
 

 
 
The VAXSYM dataset is the raw data, listing every symptom and its associated vaccine. It can be downloaded here, as a csv file. 
Unfortunately it has 8.7 million rows so cannot be opened in excel (Excel has a limit of 1 million rows). However, you will be able 
to read it with Python into a Jupyter Notebook, and carry out any analysis there. 
 
[12] https://howbad.info/vaxsym.zip (67.3 Mb) 

 
 
 
Symptoms per Record 
 
It is interesting to look at number of symptoms recorded for each vaccine-type and divide this by the number of VAERS_IDs for t
hat type to get the average number of symptoms per record. It is hypothesised that some vaccines may have a greater number o
f symptoms per record because their toxicity is more intense, more distributed or more persistent. 
 
This result can then be compared with the number of symptoms per record for other vaccines to get a PRR score. 
 
The raw data for vaccines may show that a greater number of symptoms are reported for each COVID report compared to other 
vaccines. This could be because the vaccine was causing more ailments because – 
 

1. it’s bio distribution was greater ,  
2. it’s permeation of cells was greater,  
3. it’s duration of effect more prolonged and  
4. it’s effects more intense owing to the biologically active nature of the spike antigen which is a proven toxin.  

 
In comparison a short lived, local, non-toxic , biologically inactive antigen would be expected to generate fewer symptoms. 
 
What is the maximum and minimum number of symptoms recorded per record, what is the average and standard deviation ? 
 

  

https://howbad.info/vaxsym.zip


Grouping by Pivot Table 
 
 

 
 
The FSYM dataset is useful for seeing the frequency of occurrence of each symptom for each vaccine – so you can 
see how many datapoints analysis is based upon. This file can be opened I Excel.  
 
[24]https://howbad.info/fsym.zip  (0.35 Mb) 

 
 
 
Converting Raw Counts to a PRR Ratio 
 
The PRR ratio is calculated by 
 

1. Counting the frequency of symptom S for vaccine V 
 

2. Dividing this by the total symptom count for vaccine V 
 
[This gives the % of symptoms for vaccine V that are symptom S] 
 

3. Counting the frequency of symptom S for all other vaccines 
 

4. Dividing this by the total symptom count for all other vaccines   
 
[This gives the % of symptoms for all other vaccines that are symptom S] 
 

5. PRR = % of symptoms for vaccine V that are symptom S divided by % of symptoms for all other vaccines that are sympto
m S 

 
 

 
 

 
 
Each vaccine is shown as a separate column, and each row is a separate symptom. You can use this dataset to  
quickly see which symptoms are disproportionately associated with each vaccine.  
 
You can download the dataset here -   
 

[13] https://howbad.info/grouped-by-vaccine.zip (1.6 Mb) 

  

https://howbad.info/fsym.zip
file:///C:/Users/User/Documents/%5b13%5d%20https:/howbad.info/grouped-by-vaccine.zip


Transposing Data 
 

 
 

 
 
 
This dataset has a separate column for each symptom, and a separate row for each vaccine. It is useful for quickly  
seeing which vaccines are worst for any chosen symptom, since you can sort each column by PRR ratio. 
 
Please note that because this dataset has 16575 columns, it may not fully load into Excel. 
 
You can download this dataset here – [14] https://howbad.info/grouped-by-symptoms.zip  (1.2 Mb ) 
 
 
  

https://howbad.info/grouped-by-symptoms.zip


Generating Random Samples for Different Vaccines 
 

 
 
 
 
 
 
Full Code File 
 

Here you can find the complete Python code that was used to carry out this analysis.  

[25] Python Code for Vaccine Analysis 

 

  

https://howbad.info/vaccine-safety-analysis-python.html
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