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CLEANING AND VALIDATING GPRM DATA OF MEDICINES 

1. INTRODUCTION 

The development and success of a global public good that provides reliable information about the 
market dynamics of medicines and diagnostics used in HIV/AIDS, tuberculosis (TB) and malaria relies 
on the quality of the datasets used. The Market Intelligence Information Project required not only the 
definition of a strategy to manage the continuous inflow of data but also the implementation of 
traditional and sophisticated statistical techniques to improve the accuracy of information produced 
with these data. The ANRS team was charged with the design and implementation of the procedures 
to be automated, which were validated in agreement with AMDS/IT/WHO and FIND teams. Given that 
the main datasets were constructed using the transactional information provided by multiple sources, it 
was necessary to define a comprehensive strategy to account for all detectable inconsistencies and to 
adopt specific solutions. For this reason, the methodology was defined by using the transactional 
information on HIV/AIDS medicines; this relatively large dataset allowed the ANRS team to perform a 
comprehensive screening. The team adopted a “funnel” structure for identifying potential problems in 
the large dataset of HIV/AIDS medicines that were transposed to the TB and malaria datasets of 
medicines (which are much shorter than the HIV/AIDS dataset of medicines).  

1.1. Dataset definition and methodological data cycle 

The comparison of the new Global Price Reporting Mechanism (GPRM) with its old version highlighted 
several issues concerning the management and treatment of the data. All partners agreed that it was 
necessary to define two types of datasets: legacy and future. This definition allowed the ANRS team to 
design procedures adapted to the old format of data that could be easily adapted for the treatment of 
new data. The legacy and future datasets were defined as follows: 
 
Legacy datasets: defined by a fixed cut-off date of December 31, 2009 for both the HIV and the TB 
datasets of medicines and December 31, 2010 for the malaria dataset of medicines. Transactions up 
to the respective dates were considered as legacy data.  
 
Future dataset: defined by a fixed start date of January 1, 2010 for both the HIV and the TB datasets 
and January 1, 2011 for the malaria dataset. Transactions effective from these dates were considered 
as future data. For the three datasets of medicines, it was possible to work in a prospective framework 
in which two levels of mandatory fields were established: 1) fields required for the sources; and 2) 
fields mandatory for the transaction to be eligible for inclusion in the final dataset in the GPRM.  
 
Sources must provide: 

 Brand name or INName 

 Strength 

 Country of destination 

 Date of invoice 

 Dosage form 

 Incoterms 

 Manufacturer/supplier if no brand name 

 2 out of 3: Number of package, quantity per package, total number of smallest units 

 Total price paid or unit price 
 
The last fields are considered sufficient for cleaning, recoding, and performing basic statistical 
analysis.  
 
 
Required for the inclusion in the final dataset: 

 Brand name or INName 

 Country of destination 

 Date of invoice 

 Manufacturer/supplier if no brand name 

 2 out of 3: Number of package, quantity per package, total number of smallest units 

 Total price paid or unit price 
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If one of the fields of the preceding list is missing, the transaction is ignored and placed in quarantine.  

1.1.1. Period closures for controlling data inflow (future data) 

In the experience of the AMDS team, most data take approximately 15 months to collect (more than 
90% of collectable transactions)

 1
. To accommodate this scenario, a “period closure” was established 

to allow the dynamic data inflow to be managed. This definition accounted for the fact that the fiscal 
year in the United States ends September 30, and only after this date are American partners able to 
send information about transactions to the AMDS team. To manage the dynamic data inflow for a 
given year, data are allowed to be included in the GPRM within the 15 months following that year. 
Accordingly, the periods concerning the legacy datasets were closed: 
 

- For HIV and TB: at the 31
st 

of December 2010, and the period concerning the 2010 
transactions was closed on the 31

st
 of December 2011; and so on. 

 
- For malaria: at the 31

st
 of December 2011, the period concerning the 2011 transactions will be 

closed by the end of 2012, and so on.  
 
The definition of this “period closure” is not trivial because the Market Intelligence Information Project 
requires the majority of the data to be included to reflect the dynamics of the market of HIV/TB/malaria 
medicines as closely and accurately as possible.  
 
To control the data inflow and define period-specific processes, the following rule was adopted: if new 
batches include transactions corresponding to a closed period, these transactions will be placed in 
quarantine and not processed. Experience indicates that this number is marginal. An exception to this 
rule is applied when and if a new batch contains at least 10% of transactions that occur in the closed 
period. In this case, the period is reopened and reprocessed: this situation may occur, for example, if a 
new source is included in the GPRM.   
 

1.1.2. Processing 

The processes conceived and adopted by ANRS/AMDS/IT consist of four sequential steps that are 
implemented for each new batch of transactions. 
 

1. Coding: In some instances, values refer to the same entity but are not syntactically identical 
because of typographical errors or misspellings or simply because they are from different 
sources that use a different naming convention. Therefore, assigning the right code to those 
values is an essential step in the cleaning process. This step is “atomic” and implies that a 
batch cannot go through the other steps if one transaction has a value that cannot be coded. 
 

2. Calculation: The total number of smallest units and unit prices are computed if they are not 
provided by the sources. The following formulae are used: 

TNU = NumberOfPackages * QuantityPerpackage 
TotalPricePaid = NumberOfPackages * QuantityPerpackage * UnitPrice 

 
Transactions for which this information cannot be recovered are placed in quarantine because 
they do not meet the eligibility criteria for inclusion in the final dataset. 
 

3. Validation (dataset free of duplicates): Each transaction in a batch will go through a 
“duplicates detection” step. ANRS developed and provided an algorithm for identifying the 
different types of duplicates that may exist in the data. This algorithm detects within-source 
and between-sources duplicates and establishes the rule decisions for considering a 
transaction as a true or a false duplicate (this latter in collaboration with the AMDS team).  
 

4. Validation-Enrichment (dataset free of outliers and comparable prices): ANRS provided 
an algorithm in which the price outlier detection and the computation of comparable ExWorks 
prices are made simultaneously. The purpose of this step is to obtain a column of comparable 

                                                           
1
 This is due to the manner in which some data-providing sources function. However, the AMDS team is working 

with sources to reduce the waiting time.  
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prices. It consists of re-estimating unit prices by taking into account the heterogeneity 
introduced by the different Incoterms under a strict and sophisticated statistical framework. If 
the ExWorks prices are provided by the source, the statistical procedure will take the existing 
price and will not calculate a new one. Indeed, the existing ExWorks prices are used by the 
procedure as the reference for estimating the relative differences of other Incoterms to obtain 
a formula that allows the computation of comparable ExWorks prices for the whole dataset.  

 
Following steps 3 and 4, the data can be characterized as one of the following states: 

 
Suspicious duplicate: The transaction is potentially a duplicate. 
 
Suspicious outlier: The transaction is potentially an outlier. 
 
Validated: The automated validation was passed.  
 
Quarantined: The GPRM administrator checked the transaction and something is wrong. 
 
Confirmed: The GPRM administrator checked the transaction and confirmed it as a valid one. 

 
The last two flags are immutable, meaning they cannot be changed by the automated validation. 
They can only be changed by the GPRM administrator or if they are updated.  
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CLEANING AND VALIDATING GPRM DATA 
OF HIV MEDICINES: 

Algorithms developed using the HIV legacy dataset 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

Page 7 of 43 

2. ALGORITHMS BASED ON THE LEGACY DATASET OF HIV MEDICINES 

To automate the procedures in the GPRM, ANRS provided AMDS/IT with the algorithms used for 
duplicates detection and the detection of price outliers and standardization of prices. These algorithms 
were developed, tested and validated using the legacy dataset of HIV medicines. The rules and 
decisions for removing transactions into quarantine were established in a close collaboration with the 
AMDS experts to be consistent with the functioning of procurement activities.  

2.1.  Duplicates-detection algorithm 

The algorithm for duplicates detection was implemented on the legacy dataset that had previously 
been harmonized (40,908 transactions in the raw dataset). It was assumed that duplicates detection 
may be based on the comparison between transactions according to the following fields: 

2.1.1. Fixed fields  

1. Country (Country_destination) 
2. Drug name (INName) 
3. Strength (Strength) 
4. Manufacturer (Manufacturer) 
5. Country of manufacture (Manufacturer_country) 

2.1.2. Varying fields   

1. Source Name (SourceName) 
2. Date of order (DateOfOrder) 
3. Number of smallest units (TNU) 
4. Total price paid (TotalPricePaid) 
 

The comparison between rows is made only if the fixed fields are always the same. The varying fields 
are well reported and can be considered core transaction information

2
.  

2.1.3. Types of duplicates  

The screening of the dataset is based on varying fields; the different types of duplicates are the 
following: 
 

1. All fields are the same 
2. Only “TNU” differs 
3. Only “TotalPricePaid” differs 
4. Only “DateOfOrder” differs 
5. Only “SourceName” differs 
6. “TNU” & “TotalPricePaid” differ 
7. “TNU” & “DateOfOrder” differ 
8. “TNU” & “SourceName” differ 
9. “TotalPricePaid” & “DateOfOrder” differ 
10. “TotalPricePaid” & “SourceName” differ 
11. “DateOfOrder” & “SourceName” differ 

 
The screening consists of the isolation of all potential duplicates and the creation of their 
corresponding indicators (flags). The subset of potential duplicates was analyzed carefully by 
members of both the ANRS and AMDS teams to define the criteria for distinguishing between true and 
false duplicates.  

2.1.4. Instructions for identifying potential duplicates 

To implement the algorithm for duplicates detection, the rows in the dataset are sorted by the fixed 
fields and the varying fields in the order shown above. The ID variable is used to identify the row that 
has been taken as a reference for detecting each type of duplicate, is crucial for implementing the 
decision rules that enabled us to decide whether the flagged potential duplicates were true or false. It 

                                                           
2
 Given the presence of missing values, we have not considered other variables for the duplicates detection.  
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is extremely important to ensure that the duplicates detection is made using the following 
iterative process: 

1. Flagging the first type of duplicates in the main dataset. 
2. Isolating only the flagged transactions in a separate subset (file name with the following 

nomenclature “Dup_type_transactions”). 
3. Isolating all of the potential duplicates in a separate subset: flagged transactions and their 

reference transaction together (file name with the following nomenclature 
“Origin_type_transactions”). 

4. Flagging the true duplicates in the “Origin_type_transactions” files according to the type-specific 
decision rule. 

5. Returning the false duplicates to the main dataset. 
 

Steps 1 through 4 are then repeated with the second type of duplicates and so on. Indeed, the 
decision rules are specific to each type of duplicate, and flagging of all types of duplicates at the same 
time may result in contradictory decisions. This iterative process ensures that transactions flagged as 
false duplicates in the type X are returned to the main dataset so that they can be included for 
comparison to detect the duplicates of the type Y.  

2.1.5. Results 

Table I summarizes the decision rules to be adopted for the different types of duplicates. After 
correction of the eleven types of duplicates, the resulting dataset “Dataset_ARVdrugs_step11” 
becomes the “Cleaned_ARVdrugs_dataset”. The latter contains 27,875 transactions equating to 
approximately 68.1% of the initial exploitable data (40,908 transactions). In fact, the difference 
between the initial and the final datasets is determined by the number of transactions that were 
aggregated in the “sixth iteration” of the algorithm: therefore, 10,430 transactions became 3,286 when 
the procured volumes and total prices were aggregated. More details about the iterations are given in 
Appendix 1. 
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Table I. Summary of the detection of potential duplicates and the decision rules for defining whether they are "true" or "false" duplicates
3
 

 
Type 

(different fields when 
transactions are compared)

a
 

Number 
of 

potential 
duplicates 

Decision rule Number of 
true 

duplicates 
b
 

Number of 
false 

duplicates 
(% among 
potential)

c
 

Dataset without this type of 
duplicates at the end of the 

iteration 

1
st
 iteration:  

All fields are the same 
4008 The transactions identified under this type are 

simply removed from the main dataset. 
4008 - Dataset_ARVdrugs_step1 

(n=36900) 

2
nd

 iteration:  
Total number of smallest unit 

47 The transactions reported by the Global Fund are 
removed. 

24 23 
(48.9) 

Dataset_ARVdrugs_step2 
(n=36876) 

3
rd

 iteration: 
Total price paid  

753 Source-specific solution. 
UNITAID, UNICEF, Mission Pharma, IDA, SCMS: 
transaction with highest price is removed 
Global Fund: “unit price” is used as auxiliary 
information 
The transaction with the lowest unit price is 
retained when it is ≥ 0.1 
The transaction with the highest unit price is 
retained when min(unit price) <0.1

d
 

393 360 
(47.8) 

Dataset_ARVdrugs_step3 
(n=36483) 

4
th

 iteration: 
Order date  

4341 If the difference between dates is lower or equal to 
20 days (procurement cycle), then the transaction 
is removed 

329 4012 
(92.4) 

Dataset_ARVdrugs_step4 
(n=36154) 

5
th

 iteration: 
Source name  

414 Transactions reported by Global Fund and 
UNITAID are removed 

207 207 
(50) 

Dataset_ARVdrugs_step5 
(n=35947) 

6
th

 iteration: 
Total number of smallest units 
and 
Total price paid 

10695 “unit price” is used as auxiliary information 
If differences between unit prices are higher than 
50%, then the transaction is removed 

e
 

If differences between unit prices are equal or 
lower to 50%, then the transactions are aggregated 
in a single transaction 

f
 

265 10430 becoming 
3286 

 

Dataset_ARVdrugs_step6 
(n=28538) 

7
th

 iteration: 
Total number of smallest units 
and 
Order date 

61 If date difference≤20 days & quantities are 
different, then the transactions were flagged. 
Among these flagged transactions we retained the 
newest transaction(in terms of date)

g
. 

4 57 
(93.4) 

Dataset_ARVdrugs_step7 
(n=28534) 

8
th

 iteration: 
Total number of smallest units 

14 Transactions reported by GF are removed 7 7 
(50) 

Dataset_ARVdrugs_step8 
(n=28527) 

                                                           
3
 The numbers in this table have changed as the algorithm was created using a provisory dataset for HIV medicines. These changes correspond principally to new transactions 

included in the legacy dataset. Nevertheless, the test of the algorithm on the definitive dataset yields similar proportions in a dataset of 29,738 transactions, which is consistent 
with the final provisory dataset on which the algorithm was conceived.  
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and 
Source name 

9
th

 iteration: 
Total price paid  
and 
Order date 

2435 If the difference between dates is ≤20 days & total 
prices are different, then the transactions are 
flagged. Among these flagged transactions we 
retain the newest transaction (in terms of date)

g
. 

158 2277 
(93.5) 

Dataset_ARVdrugs_step9 
(n=28369) 

10
th

 iteration: 
Total price paid 
and 
Source name 

76 Transactions reported by GF are removed 35 41 
() 

Dataset_ARVdrugs_step10 
(n=28334) 

11
th

 iteration: 
Order date 
and 
Source name 

1738 If the difference between dates is >20 days, no 
transaction is removed 
If the difference between dates is ≤20 days, then 
the transactions reported by GF or UNITAID are 
removed 

459 1279 
(53.9) 

Dataset_ARVdrugs_step11 
(n=27875) 

a 
All other fields are the same 

b
 To take out of the dataset 

c
 To take back to the dataset  

d
 This min (unit price) is clearly an outlier in all cases 

e 
Among the 10,695 potential duplicates, only 265 transactions (2.5%) corresponded to unit price differences of more than 50%.   

f
 This was the case of 10,430 transactions. Nevertheless, it is important to notice that for more than 97% of these transactions, the unit price difference was 
equal to zero. This indicates that although quantities (nsu) and total prices (totalp) were different between transactions, the unit price was the same and, by 
consequence, they belonged to the same transaction. We assumed the same situation for transactions where the unit price difference was lower than 50%.  
g
 We assume that this is an updated transaction.
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3. MISSING INCOTERMS IMPUTATION ON LEGACY DATASETS 

This step is implemented only on the legacy dataset and does not concern the future data where the 
Incoterms are well reported by sources (i.e., where there are no missing Incoterms). During the period 
of programming the automated algorithm for duplicates detection into the GPRM by the IT/WHO team, 
new transactions corresponding to the legacy dataset (transactions before January 1, 2010) were 
received and included. After detecting and removing duplicates, the dataset was formed by 29,732 
transactions. Among these transactions, 652 (2.2%) were associated with a missing Incoterm (559 for 
Global Fund, 37 for IDA data and 56 for WHO). 
 

3.1. Imputation algorithm 

The imputation algorithm is made up of the following steps: 
 
Step 1. Transactions are grouped according to given criteria based on the information about 

transactions, e.g., sharing identical information on country of manufacture, manufacture, 
country of destination, year of transaction, IN Name and dosage form. In some of these 
groups           , there is at least one transaction with a missing incoterm. 

Step 2. The number of observations    within each group, k, is counted and the proportion of missing 

Incoterms          is generated. 
Step 3. If       , i.e., if the proportion of missing Incoterms within the group does not exceed 50% of 

the group size, every missing incoterm is imputed by the most frequently appearing  Incoterm 
within the group. Otherwise, the missing value is not replaced. 

 
This algorithm was based on the seven best-reported variables (without missing values) in the legacy 
dataset (Table II).  

Table II. Codes used for abbreviating variables 

Variable Label 

CM Country of Manufacture 

M Manufacturer 

S Source 

C Country 

Y Year 

N INName 

D Dosage Form 

 
We created 44 different groups according to the possible combinations of variables in Table II. These 
groups were arranged from the most to the least restrictive (see Table III). Thus, in the first iteration for 
example, steps 1 to 3 were implemented for the group of transactions clustered by using the most 
restrictive condition: i.e., all fields the same.  

3.1.1. Imputation Results 

Table III shows the 44 groups used for the imputation of missing Incoterms. Note that the less 
restrictive criteria for creating groups are associated with the smallest numbers of imputed Incoterms. 
Figure 1 shows that the majority of imputations occurred within the first nine iterations: 577 
transactions out of 652 (88.5%). This guarantees the consistency of the algorithm as the majority of 
the imputations were made under the most restrictive conditions. In particular, note that the most 
important number of imputations corresponds to iterations 1, 3, 4, and 9, where at most only one field 
differs between the grouped transactions.  
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Table III. Clustering criteria for creating groups of transactions  
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Figure 1: Cumulated number of imputed Incoterms and stock of missing values to be imputed 
 
 
The imputation process has no impact on the representativeness of CFR, CIF, CPT, DAF, DAP, DDP, 
DDU and DES (see Table IV). Small changes in the structure can be noticed for CIP and EXW. 
Significant changes occur in the frequencies of FCA (2.45 vs. 17.66%) and FOB (26.23 vs. 4.99%). 
However, the next step (outliers & price standardization algorithm) enables us to verify whether the 
imputed Incoterms should be kept or not for the in-depth analyses. In fact, we have taken advantage 
of the multivariate framework used in the next step for verifying robustness in the estimated 
parameters carried out using both imputed/non-imputed datasets. 
 
 
Table IV. Structure of transactions for datasets before and after imputation of missing Incoterms 

 
Incoterm Before 

imputation 
Imputed 
values 

After 
imputation 

CFR 51 (0.18%) 1 (0.15%) 52 (0.17%) 

CIF 3,023 (10.4%) 65 (9.97%) 3,087  (10.39%) 

CIP 8,391 (28.85%) 155 (23.77%) 8,546  (28.74%) 

CPT 719 (2.47%) 5 (0.77%) 724 (2.44%) 

DAF 4 (0.01%) 1 (0.15%) 5 (0.02%) 

DAP 373 (1.28%) 0 (0%) 373 (1.25%) 

DDP 1,007 (3.46%) 18 (2.76%) 1,025  (3.45%) 

DDU 1,249 (4.29%) 22 (3.37%) 1,271  (4.27%) 

DES 15 (0.05%) 0 (0%) 15 (0.05%) 

EXW 7,664 (26.35%) 198 (30.37%) 7,862  (26.44%) 

FCA 5,135 (17.66%) 16 (2.45%) 5,151  (17.32%) 

FOB 1,450 (4.99%) 171 (26.23%) 1,621  (5.45%) 

Total 29,081 (100%) 652 (100%) 29,732  (100%) 
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3.1.2. Details of the imputation process 

In the first iteration, we defined all variables as fixed fields and the imputation steps from 1 to 3 (see 
subsection 2.2.1) were implemented. The algorithm resulted in the imputation of 60 missing Incoterms. 
The two first rows in Table V show two transactions sharing the same fields (the most restrictive 
criterion). However, for both transactions the Incoterm is missing; it was therefore impossible to impute 
on the basis of observed Incoterms, at least under this criterion of clustering.   
 
Rows 3 and 4 belong to the same group and therefore share the same characteristics, and one 
Incoterm has been reported: in this case, the imputation is straightforward. Rows 14 through 16 show 
the situation in which the imputation is not effectuated as the proportion of missing Incoterms is more 
important (67%) than the proportion of reported Incoterms (i.e., the imputation on the basis of 
observed data is not feasible and may result in inconsistent features).  
 
 
Table V. Example of the first iteration in the algorithm for the imputation of missing Incoterms 

Row D S Y C CM N M INCO Pmiss Inco_Imp 

1 Pills GF 2007 THA AUS 3TC GSK   1   

2 Pills GF 2007 THA AUS 3TC GSK   1   

3 Liquids GF 2007 ARM CAN 3TC GSK CIP 0.5 CIP 

4 Liquids GF 2007 ARM CAN 3TC GSK   0.5 CIP 

5 Pills GF 2008 CAE IND 3TC+ZDV Aurob.   0.44 FOB 

6 Pills GF 2008 CAE IND 3TC+ZDV Aurob. FOB 0.44 FOB 

7 Pills GF 2008 CAE IND 3TC+ZDV Aurob.   0.44 FOB 

8 Pills GF 2008 CAE IND 3TC+ZDV Aurob. FOB 0.44 FOB 

9 Pills GF 2008 CAE IND 3TC+ZDV Aurob.   0.44 FOB 

10 Pills GF 2008 CAE IND 3TC+ZDV Aurob.   0.44 FOB 

11 Pills GF 2008 CAE IND 3TC+ZDV Aurob. FOB 0.44 FOB 

12 Pills GF 2008 CAE IND 3TC+ZDV Aurob. FOB 0.44 FOB 

13 Pills GF 2008 CAE IND 3TC+ZDV Aurob. FOB 0.44 FOB 

14 Pills GF 2006 CAE IND 3TC+NVP+Z
DV 

Cipla DDU 0.67 DDU 

15 Pills GF 2007 CAE IND 3TC+NVP+Z
DV 

Cipla   0.67   

16 Pills GF 2008 CAE IND 3TC+NVP+Z
DV 

Cipla   0.67   

Pmiss: is the proportion,   , of missing Incoterms in the group. 
Inco_Imp: is the imputed Incoterm. 

 
 
It is not surprising that the manufacturer, the country of manufacture, the country of destination and 
the INName appeared as very important fields in the determination of the Incoterms. Thus, for the 
subsequent iterations (from 2 to 8) we let the source names, year of transaction and dosage form 
vary, both individually and combined. The combination of these three variables resulted in seven 
groups to which we applied steps 1 to 3 of the algorithm. This procedure resulted in 307 additional 
imputations (47.1% of the total missing Incoterms). 
 
After eight iterations, 285 out of 652 Incoterms were still missing. Thus, the next step consisted of 
“relaxing” the INName to the set of varying fields. The underlying assumption is that Incoterms are 
determined only by the manufacturer and its location and the country of destination, regardless of the 
product. In the ninth iteration, only the INName varies between observations, allowing imputation of 
210 Incoterms.  
 
Iterations 10 to 44 were implemented for imputing the remaining 75 missing Incoterms. This was made 
possible by allowing other fields to vary; consequently, the criteria for clustering the transactions 
became less restrictive. The less restrictive iteration (44) was implemented for imputing the last four 
missing Incoterms, which happened to correspond with transactions delivered to Estonia.  
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4. ALGORITHM FOR OUTLIER DETECTION AND PRICE STANDARDIZING 

The analysis of prices requires special attention with regard to atypical observations. One way of 
avoiding this problem is to report median prices that do not take standard deviation into account and 
that are therefore not distorted by outliers. Nevertheless, using this strategy, essentially an 
“emergency exit”, does not allow for further in-depth analyses; even the computation of unbiased 
confidence intervals is not possible. The straightforward statistical solution is to perform a “manual” 
screening under the univariate framework where a cut-off point is established on the basis of the 
standard deviation (i.e., prices that fall beyond the cut-off point are considered outliers). However, this 
univariate procedure does not take into account the fact that prices are linked to specific 
characteristics (i.e., geographical, economic, political, manufacturer, and drug/s, among others) that 
may have an impact on their relative value; this is a crucial aspect to take into account when working 
with the GPRM data. One particular feature of these data is the price heterogeneity introduced by the 
differences among Incoterms, which makes the detection of outliers a challenging exercise. It is not 
possible to tell whether prices are atypical because of a problem in the sources’ reporting mechanisms 
(i.e., typographic errors) or because of the presence of different Incoterms (see Figure 2). In addition, 
it is important to take into account that difference in prices may also be due to the differences between 
drugs (i.e., therapeutic class, formulation, etc.). At the same time, the estimation of the relative 
differences in prices due to Incoterms has to be made within a framework that controls for the 
presence of outliers. 
 

 
 
 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Differences in prices for a given country in a given year 
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The underlying idea in this method is always to try to get as close as possible to the true value (of 
prices explained by different factors) by reducing the magnitude of residuals, as measured by an 
aggregate prediction error that is the sum of squared residuals (SSR) in the case of OLS: 
 

               
     

      (1) 

 
The expression in (1) is the objective function of the OLS technique; nevertheless, this criterion tends 
to place excessive importance on observations with very large residuals and, consequently, the 
estimated parameters will be biased in the presence of outliers. Ignoring outliers in a traditional 
multivariate framework, such as the ordinary least squares (OLS), may result in erroneous inference. If 
one is interested, for example, in understanding the relationship between prices and quantities, the 
presence of outliers may introduce a bias leading to erroneous interpretation (see figure 3).  

 

 

Figure 3. Relationship between prices and quantities purchased 
 
 
 
The bias introduced by outliers may be manifested differently in a linear regression.  
 
Vertical outliers: prices are very different with respect to the mean (outlying in the y-dimension), but 
similar in terms of the explanatory variable (not outlying the x-dimension). The presence of this type of 
outlier affects the estimation of the intercept (dashed red line). 
 
Bad leverage points: prices are very different with respect to the mean, but they are also very 
different in terms of the explanatory variable. These points are outlying both the y- and x-dimensions. 
Their presence affects the estimation of both the intercept and the slope (dashed blue line).  
 
Good leverage points: prices are similar with respect to the mean (not outlying the y-dimension), but 
they differ in terms of their characteristics (outlying the x-dimension). Although their presence may 
inflate the standard errors of the estimated coefficients, this type of outlier does not affect the linear 
regression (i.e., interpretation of the relationship between prices and quantities purchased is not 
modified). 
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To simultaneously address the presence of outliers and the need to estimate the relative differences in 
prices due to Incoterms, the ANRS team has adopted the MS-estimator (Maronna and Yohai, 2000)

4
. 

This technique is based on the combination of two types of estimators, and, respectively, two objective 
functions that are less sensitive to extreme values.  
 
Step 1: S-estimator for continuous variables: the objective of minimizing squared residuals and    

in OLS is replaced by a function      that awards less importance to large residuals: 
 

 

 
   

     

   
    

     with             and           (2) 

 

Formally, the S-estimator consists in finding the vector of parameters     that minimizes     and is 
denoted as follows: 
 

          
 

                        (3)  

 
For     , the most commonly used is the Tuckey-Biweight function. The S-estimator is resistant to a 
contamination of up to 50% of outliers but with low Gaussian efficiency. The coefficients estimated for 
the continuous variables in this step are used as given in the next step that consists in estimating the 
coefficients for the dummy variables.  
 
Step 2: M-estimator for dummy variables: this estimator is resistant to vertical outliers and allows 

increasing Gaussian efficiency. It consists of finding the vector of parameters     that minimizes the 
following expression: 

          
 

   
     

 
 

 

   

 

 
The function      is the same used in the S-estimator. Steps 1 and 2 are iterated until convergence. In 
this technique, the S-estimator guarantees a high breakdown point while the M-estimator ensures the 
Gaussian efficiency. This estimator is particularly helpful in the fixed-effects panel estimation (Bramati 
and Croux, 2007)

5
. For the legacy dataset in the GPRM, this seems to be the most adapted technique 

for controlling the individual effects of drugs, countries, and years by specifying dummy variables. The 
implementation of this technique not only offers the possibility of estimating the relative differences of 
prices due to Incoterms in an outlier-free context but also of identifying the outliers and computing 
comparable ExWorks prices.  
 

4.1. Empirical implementation of the MS-estimator 

To estimate the model allowing outlier detection and price standardizing, we used the following 
variables: 

 
1) Logarithm of unit prices 
 
2) Geographic dimension: consists of 6 groups 

of countries according to the World Bank 
definition 
a. East Asia and Pacific 
b. Europe and central Asia 
c. Latin America and the Caribbean 
d. Middle East and North Africa 

 
 
5) Originator/Generic indicator: dummy variable 

where originator=1 
 
6) Logarithm of the total number of smallest 

units  
 
7) Incoterm dummies  

                                                           
4 Maronna, R. A. and Yohai, V. J., 2000. Robust regression with both continuous and categorical predictors. Journal of 

Statistical Planning and Inference. 89, 197-214. 
5 Bramati, M. C. and C. Croux, 2007, Robust estimators for the fxed effects panel data model, Econometrics Journal 10, 521-

540. 
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e. South Asia  
f. Sub-Saharan Africa 

 
3) Logarithm of the Gross National Income per 

capita: specified as time-varying continuous 
variable 

 
4) Strength-specific drugs: dummy variables  
 
 
 

 
8) Year of transaction dummies 
 
9) Manufacturer implanted in a 

developed/developing country dummy 
 
 

The implementation of the MS technique may be costly in terms of computational time, according to 
the number of explanatory variables specified. A part of the log (unit prices) that is our dependent 
variable, five variables are crucial in the estimation for calculating comparable ExWorks prices: 
geographic groups, GNI per capita, strength-specific drugs, year order, and Incoterms. This implies 
the specification of several dummy and continuous variables (strength-specific drug dummies are 
more than 70).  A simple OLS stepwise regression not only confirmed the importance of these 
variables but also suggested the introduction of the log (total number of smallest units), the 
originator/generic dummy and the developed/developing country of manufacture dummy. 

4.1.1. OLS vs. MS-estimator 

In this part of the report, we show the comparison of the estimations with/without accounting for the 
presence of price outliers.  
 

4.1.1.1. Incoterms 

Table VI shows the intercept and the differences in prices introduced by the different Incoterm. It can 
be observed how the presence of outliers distorts the relative unit prices according to the different 
Incoterms. The MS-estimator shows that differences in unit prices (in relation to ExWorks unit prices) 
range between 4.5% (FCA) and 23.9% (DAP), while in the OLS estimator, the range is from -41.8% 
(DES) to 54.1% (DAF). This implies that the computation of ExWorks unit prices on the basis of OLS 
estimations would result in extremely biased (i.e., erroneous) inferences compared to the computation 
based on the MS-estimation.  
 

Table VI. Intercept and Incoterm estimates (N=29,732) 

 OLS  
(not controlling for outliers) 

MS-Estimator  
(controlling for outliers) 

 Estimate Std. Error Estimate Std. Error 

Intercept -0.0637 0.5962 -0.7500** 0.3721 

Reference: ExWorks (EXW)     

Free Carrier (FCA) -0.0216* 0.0114 0.0451*** 0.0074 

Free On Board (FOB) 0.0803*** 0.0172 0.1170*** 0.0114 

Cost and freight (CFR) 0.0627 0.0835 0.0901* 0.0542 

Cost, Insurance and Freight (CIF) 0.0877*** 0.0135 0.1374*** 0.0088 

Delivered At Frontier (DAF) 0.5411** 0.2666 0.2126 0.2046 

Delivered Ex Ship (DES) -0.4182*** 0.1545 0.0332 0.0967 

Delivered At Place (DAP) 0.1001*** 0.0331 0.2396*** 0.0208 

Carriage Paid to (CPT) 0.0559** 0.0246 0.0473*** 0.0163 

Carriage and Insurance Paid to (CIP) 0.1110*** 0.0100 0.1249*** 0.0065 

Delivery Duty Uncleared (DDU) 0.1415*** 0.0189 0.1774*** 0.0121 

Delivery Duty Paid (DDP) 0.2900*** 0.0207 0.2059*** 0.0137 

*Significant at 10%; **Significant at 5%; ***Significant at 1%. 
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4.1.1.2. Geographic regions, GNI per capita, Quantity, year of order 

In general, it is possible to observe that not controlling for outliers accentuates the magnitude of 
coefficients (see Table VII). For example, the MS-estimators (controlling for outliers) indicate that unit 
prices are 2.6 lower in East Asia and Pacific than those in Europe and Central Asia, while the OLS 
estimator (not controlling for outliers) indicates that unit prices are 30.4% lower. The two estimations 
show some differences concerning the effect of GNI per capita and the total number of smallest units. 
Looking at the MS-estimator, we see that a 1% increase in the GNI per capita (number of smallest 
units) is at the origin of an increase (decrease) in prices of 4.7% (3.6%) of unit prices. The MS-
estimator also shows the expected pattern concerning the evolution of unit prices through time: on 
average, unit prices decrease steadily.  
 

Table VII. Estimates for geographic, economic and time variables 

 OLS  
(not controlling for outliers) 

MS-Estimator  
(controlling for outliers) 

 Estimate Std. Error Estimate Std. Error 

Reference: Europe and Central Asia    

East Asia and Pacific -0.3038*** 0.0185 -0.0261** 0.0124 

America Latin America and the 
Caribbean 

-0.2030*** 0.0167 -0.0210* 0.0115 

Middle East and North Africa -0.1191*** 0.0310 0.0470** 0.0210 

South Asia -0.4240*** 0.0253 -0.1178*** 0.0164 

Sub-Saharan Africa -0.2593*** 0.0143 0.0055 0.0099 

     

log(GNI per capita) 0.0527*** 0.0033 0.0476*** 0.0021 

log(Total Number of Smallest Units) -0.0637*** 0.0017 -0.0358*** 0.0011 

Reference: 2009     

2001 0.9405 0.5951 1.5182*** 0.3714 

2002 0.3657* 0.2109 0.9237*** 0.1406 

2003 0.5403*** 0.0623 0.6450*** 0.0423 

2004 0.5177*** 0.0181 0.5149*** 0.0120 

2005 0.5134*** 0.0146 0.4890*** 0.0095 

2006 0.3357*** 0.0138 0.3372*** 0.0090 

2007 0.2054*** 0.0117 0.2087*** 0.0075 

2008 0.1593*** 0.0107 0.1537*** 0.0069 

*Significant at 10%; **Significant at 5%; ***Significant at 1%. 
 
 

4.1.1.3. Some drugs characteristics 

For the type of firm, Table VIII shows similar estimations indicating that unit prices of drugs bought to 
originator firms are 35.1% and 32.4% (respectively for OLS and MS estimators) higher than unit prices 
of generic firms. Nevertheless, the MS-estimator suggests that unit prices of firms located in 
developing countries are 5.9% less expensive than unit prices of firms in developed countries (versus 
17.6% less expensive suggested by the OLS estimation). The significant coefficients for the majority of 
strength-specific dummies suggest the importance of distinguishing among all of the products in the 
dataset to compute comparable ExWorks prices.  
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Table VIII. Estimates for originator/generic, type of country of implantation of the manufacturer, 
and strength-specific drugs 

 OLS 
 (not controlling for outliers) 

MS-Estimator 
 (controlling for outliers) 

 Estimate Std. Error Estimate Std. Error 

Originator=1 (ref: generic) 0.3514*** 0.0205 0.3241*** 0.0136 

Manufacturer in Not developed country=1  -0.1760*** 0.0201 -0.0594*** 0.0133 

The coefficients for the strength-specific drugs are shown in Appendix 2 

*Significant at 10%; **Significant at 5%; ***Significant at 1%. 
 
The R² resulting from the OLS and MS-estimators are 0.81 and 0.72, respectively. Although these 
values are not comparable because the estimation techniques are different, we observe that the MS-
estimator explains an acceptable proportion of the variance of the observed unit prices 

4.1.2. Outlier detection 

The robust estimates for the covariance matrix provided by the MS-estimator, together with the robust 
standardized residuals, are necessary “ingredients” for implementing the graphical tool proposed by 
Rousseeuw and Van Zomeren (1990)

6
. This graphical tool allows the definition of threshold values for 

classifying the different types of outliers and non-outliers. The X-axis represents the degree of 
outlyingness with respect to the fitted regression plane, while standardized residuals are represented 
on the Y-axis.  
 
The limits suggested in the theoretical method are -2.5 and 2.5 for the Y-axis, which correspond to the 
values of the standard normal distribution that isolate the extremes of the distribution from the central 

mass. For the X-axis, the limit is set to          
  as the Mahalanobis distance is distributed as a   

  

distribution under normality (with p being the degrees of freedom). Setting these values resulted in 
nearly 20% of the points being unit price outliers. ANRS sent the dataset of outliers to the AMDS team 
to validate the limits set. After a strict screening of the dataset of outliers, AMDS and ANRS agreed on 
the necessity of moving these limits to align with official observed prices. By doing so, ANRS placed 
the limits of the graphical tool at -7.5 and 7.5 for the Y-axis and kept the theoretical limit for the X-axis; 
this provided the classification of outliers showed in Figure 4. Notably, moving the limits graphically 
does not affect the robustness or the validity of the estimations carried out with the MS-estimator 
because it associates weights with the outlyingness of unit prices (i.e., the more atypical the unit price, 
the smaller the weighting). The graphical tool allowed the ANRS team to fix a threshold to automate 
the algorithm and at the same time remain in line with official prices.  
 

                                                           
6 Rousseeuw, Peter J., and Bert C. van Zomeren (1990). Unmasking multivariate outliers and leverage points. Journal of the 

American Statistical Association 85, 633-651. 
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Figure 4: Regression outliers for the legacy dataset of HIV medicines 
 
 
Among the 29,732 transactions, 181 (0.6%) were classified as vertical outliers, 49 (0.2%) as bad 
leverage points, and 3,117 (10.5%) as good leverage points. 

4.1.3. Calculating comparable ExWorks unit prices 

We used the MS-estimations for computing the comparable ExWorks unit prices for all transactions 
associated with other Incoterms. It is important to notice that the part of variability introduced by 
differences among Incoterms is known and may be removed without modifying the differences in 
prices due to drug characteristics. This procedure allows the GPRM to show comparable ExWorks 
prices and ensures that the intrinsic information of prices has not been modified. Table IX shows the 
descriptive statistics comparing the observed unit prices with the estimated ExWorks unit prices. 
Although the mean of estimated ExWorks unit prices is slightly lower than the observed unit prices, at 
this aggregated level there is no statistically significant difference. In addition, these means are 
computed over the whole dataset including the outliers. 
 

Table IX. Descriptive statistics observed and estimated unit prices 

 N Min Max Mean SD 

Observed Unit Prices 29732 .00000030 217.52 .40 2.17 

Estimated ExWorks Unit Prices 29732 .00000032 193.49 .37 1.94 
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Table X shows the descriptive statistics of the estimated ExWorks unit prices to corroborate the effect 
of detecting outliers. Notice that the criteria used for defining the unit prices outlying the central mass 
is consistent with our results. Vertical outliers and bad leverage points show ranges that are extremely 
spread out: 0.0000003-193.5 US$ and 0.0063-42.4 US$ per pill or milliliter, respectively. Although 
some of these unit prices could be considered as “consistent”, the fact that they are classified as 
outliers indicates that they do not correspond to the pattern of unit prices of the bulk of drugs with 
similar characteristics; the large standard deviations indicate the large dispersion of unit prices within 
these groups.  
 

Table X. Descriptive statistics of estimated ExWorks prices by type of outliers 

 N Min Max Mean SD 

Non-outliers 26385 .0024 20.2 .3 .5 

Vertical outliers 181 .0000003 193.5 9.2 20.6 

Good leverage points 3117 .0053 14.0 .5 1.0 

Bad leverage points 49 .0063 42.4 10.5 11.4 

 
The non-outliers group shows a distribution of prices ranging between 0.0024 US$ and 20.2 US$ per 
pill or milliliter. The standard deviation (SD) is only 0.5, which indicates that the dispersion of prices is 
small. Similar features are observed for the group of good leverage points, which remains in the same 
range of non-outliers prices, although the SD is higher. This result is not striking and corresponds well 
with the definition of good leverage points whose unit prices remain close to the central mass (with 
small dispersion SD=1) and only differ in terms of their characteristics. Table XI shows that among the 
good leverage points 60.1% correspond to SCMS, 20.8% to UNICEF and 14.5 to the Global Fund; 
other characteristics are presented in Appendix 3. These features show some of the characteristics 
differing in the transactions associated with non-outliers and good leverage points. The latter are 
related to HIV medicines mostly delivered to countries in Europe and Central Asia, especially to upper-
middle-income countries. In addition, the medicines with prices classified as good leverage points 
were bought in larger proportion from originator firms located in developed countries.  
 

Table XI. Comparison of non-outliers and good leverage points by source  

Source Name Non-outliers Good leverage points 

 N=26,385 N=3,117 

CHAI 1,4 2,4 

Global Fund 36,0 14,5 

IDA 12,7 0,7 

JSI 0,7  

MP 3,5 0,1 

MSH 0,6  

SCMS 16,1 61,1 

UNICEF 15,1 20,8 

UNITAID 13,2 0,1 

WHO 0,5  

WHOCPS 0,2 0,3 

Total 100 100 

 
Given that good leverage points do not distort the descriptive statistics in relation to the non-outliers’ 
group of transactions (which is a main feature in the definition of this type of observations), the ANRS 
and AMDS team agreed on the fact that they will be kept in the final dataset of HIV medicines; there is 
no statistical objection for keeping these transactions. Thus, the final legacy dataset is formed by 
29,502 transactions. Except for the algorithm for imputing Incoterms (subsection 2.2), the algorithms 
for duplicates detection and outliers-price standardizing were already automated by IT/WHO and 
tested on the legacy dataset and new batches of transactions of HIV medicines Actually, the 2010 
year was already closed and automated procedures were implemented. Similarly, these procedures 
were tested on the new batches for transactions of 2011 and 2012.  



 

Page 23 of 43 

APPENDIXES 
 

Appendix 1: Details on the algorithm for detecting duplicates in the HIV legacy dataset 

Appendix 2: Estimates for strength-specific dummy variables 

Appendix 3: Characteristics of non-outliers and good leverage points in the HIV legacy dataset 
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Appendix 1: Details on the algorithm for detecting duplicates in the HIV legacy dataset 

 
First iteration: All fields are the same (all type) 
 
Initial sample size: 40908 transactions in the file “ARVdrugs” 
Flagging variable: “dup_all”, equal to 1 when all the fields (fixed and varying) are the same between transactions and 0 otherwise. 
Variable of ID references: “origin_all”, contains the ID number of the transaction to which flagged transactions referred. 
 
Example: 

ID COUNTRY_ 
DESTINATION 

INN_ 
NAME 

STRENGTH TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 

MANUFACTURER MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
ALL 

ORIGIN_ 
ALL 

84 Angola Abacavir 
(ABC) 

20 mg/ml 456240 0.06245836 28496 Aurobindo Pharma 
Ltd 

India 19.01.2009 UNITAID 0 0 

85 Angola Abacavir 
(ABC) 

20 mg/ml 456240 0.06245836 28496 Aurobindo Pharma 
Ltd 

India 19.01.2009 UNITAID 1 84 

 
The last example shows that the transaction ID=85 is flagged as a duplicate of the transaction ID=84, and this is indicated in the two last columns.  
Name of the subset containing flagged transactions: “Dup_all_transactions” (n=4008).  
 
Decision rule: all the transactions with 1 in the variable “dup_all” are removed from the dataset.  
Quantity of removed transactions: 4008 
New dataset without this type of duplicates: “Dataset_ARVdrugs_step1” (n=36900) 
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Second iteration: Only “TOTAL_NUMBER_OF_SMALLEST_UNIT” differs (nsu type) 
 
Initial sample size: 36900 transactions in the file “Dataset_ARVdrugs_step1” 
Flagging variable: “dup_nsu”, equal to 1 when only the “TOTAL_NUMBER_OF_SMALLES_UNIT” field differs, 0 otherwise. 
Variable of ID references: “origin_nsu”, contains the ID number of the transaction to which flagged transactions referred. 
 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
NSU 

ORIGIN_ 
NSU 

18996 Lesotho 

Lamivudine 
(3TC) + 

Nevirapine 
(NVP) + 

Stavudine 
(d4T) 

150 mg + 200 
mg + 30 mg 

139980 0.25003573 35000 Cipla Ltd. India 05.03.2008 Global Fund 0 0 

18997 Lesotho 

Lamivudine 
(3TC) + 

Nevirapine 
(NVP) + 

Stavudine 
(d4T) 

150 mg + 200 
mg + 30 mg 

300000 0.11666667 35000 Cipla Ltd. India 05.03.2008 Global Fund 1 18996 

23623 Nigeria 

Efavirenz 
(EFV) / 

[Lamivudine 
(3TC) + 

Zidovudine 
(ZDV)] 

600 mg / [150 
mg + 300 mg] 

7500 0.91666669 6875 
Aurobindo Pharma 

Ltd 
India 18.11.2009 SCMS 0 0 

23625 Nigeria 

Efavirenz 
(EFV) / 

[Lamivudine 
(3TC) + 

Zidovudine 
(ZDV)] 

600 mg / [150 
mg + 300 mg] 

22500 0.30555555 6875 
Aurobindo Pharma 

Ltd 
India 18.11.2009 SCMS 1 23623 

 
The two first rows show the same transaction for Lesotho reported by the Global Fund  
The two last rows show the same transaction for Nigeria reported by SCMS 
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Name of the subset containing flagged transactions: “Dup_nsu_transactions” (n=24). Notice that flagged transactions are not those necessarily removed. 
Thus we need to have a separate subset of flagged transactions and their reference transaction to apply the decision rule associated to this type of duplicates. 
Name of the subset containing flagged transactions with their reference transaction: “Origin_nsu_transactions” (n=47). This is the subset of potential 
duplicates.  
Decision rule: specific to the source. 

- If the transactions are reported by the Global Fund, then the transaction with the highest number of smallest unit is kept 
  

- For transactions reported by SCMS, we used the variable “QUANTITY_PER_PACKAGE” as auxiliary information. Thus: 
o If the transactions are reported by SCMS, we kept the transaction where “QUANTITY_PER_PACKAGE” is equal to 0. 

 
Quantity of removed transactions: 24. Global Fund (83.3%) and SCMS (16.7%). 
New dataset without this type of duplicates: “Dataset_ARVdrugs_step2” (n=36876) 
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Third iteration:  “TOTAL_PRICE_PAID” differs (total_p type) 
 
Initial sample size: 36876 transactions in the file “Dataset_ARVdrugs_step2” 
Flagging variable: “dup_total_p”, equal to 1 when only the “TOTAL_PRICE_PAID” field differs, 0 otherwise. 
Variable of ID references: “origin_total_p”, contains the ID number of the transaction to which flagged transactions referred. 
 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
TOTAL_ 

P 

ORIGIN_ 
TOTAL_ 

P 

14863 India 
Efavirenz  

(EFV) 
600 mg 14340 0.25055787 3593 Hetero Drugs Ltd. India 04.12.2008 Global Fund 0 0 

14874 India 
Efavirenz  

(EFV) 
600 mg 14340 0.25251046 3621 Hetero Drugs Ltd. India 04.12.2008 Global Fund 1 14863 

14889 India 
Efavirenz  

(EFV) 
600 mg 14340 0.26255229 3765 Hetero Drugs Ltd. India 04.12.2008 Global Fund 1 14863 

 
This is a group of three transactions that differ only in the entries of the “TOTAL_PRICE_PAID” (green column).  
Name of the subset containing flagged transactions: “Dup_total_p_transactions” (n=393). Notice that flagged transactions are not those necessarily 
removed. Thus we need to have a separate subset of flagged transactions with the reference transaction to apply the decision rule associated to this type of 
duplicates. 
Name of the subset containing flagged transactions with their reference transaction: “Origin_total_p_transactions” (n=753). This is the subset of 
potential duplicates.  
Decision rule: specific to the source and uses the “UNIT_PRICE” as auxiliary variable. 

- If the transactions are reported by UNITAID, UNICEF, Mission Pharma, IDA, SCMS: the transactions with the lowest unit price is retained. 
- If the transaction is reported by Global Fund, then: 

o The transaction with the lowest unit price is retained when min(UNIT_PRICE)>=0.1 
o The transaction with the highest unit price is retained when min(UNIT_PRICE)<0.1. In general, when min(UNIT_PRICE) is lower than 0.1 

the value is clearly an outlier.  
 

Quantity of removed transactions: 393. 
Global Fund (70.7%) 
IDA (1.8%) 
Mission Pharma (2.0%) 
SCMS (17.3%) 
UNICEF (7.4%) 
UNITAID (0.8%) 
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New dataset without this type of duplicates: “Dataset_ARVdrugs_step3” (n=36483) 
 

Fourth iteration:  “ORDER_DATE” differs (date type) 
 
Initial sample size: 36483 transactions in the file “Dataset_ARVdrugs_step3” 
Flagging variable: “dup_date”, equal to 1 when only the “ORDER_DATE” field differs, 0 otherwise. 
Variable of ID references: “origin_date”, contains the ID number of the transaction to which flagged transactions referred 
 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
DATE 

ORIGIN_ 
DATE 

3911 Cameroon 

Lopinavir 
(LPV) + 
Ritonavir 

(RTV) 

200 mg + 50 
mg 

14400 0.34250000 4932 
Abbott Laboratories 

Ltd. 
United States of 

America 
20.12.2007 UNITAID 0 0 

3912 Cameroon 

Lopinavir 
(LPV) + 
Ritonavir 

(RTV) 

200 mg + 50 
mg 

14400 0.34250000 4932 
Abbott Laboratories 

Ltd. 
United States of 

America 
30.01.2008 UNITAID 1 3911 

3913 Cameroon 

Lopinavir 
(LPV) + 
Ritonavir 

(RTV) 

200 mg + 50 
mg 

14400 0.34250000 4932 
Abbott Laboratories 

Ltd. 
United States of 

America 
02.04.2008 UNITAID 1 3911 

17746 India 
Zidovudine 

(ZDV) 
300 mg 86400 0.14166667 12240 

Matrix Laboratories 
Ltd. 

India 13.02.2009 
Mission  
Pharma 

0 0 

17762 India 
Zidovudine 

(ZDV) 
300 mg 86400 0.14166667 12240 

Matrix Laboratories 
Ltd. 

India 02.03.2009 
Mission  
Pharma 

1 17746 

 
Name of the subset containing flagged transactions: “Dup_date_transactions” (n=2670). Notice that flagged transactions are not those necessarily 
removed. Thus we need to have a separate subset of flagged transactions with the reference transaction to apply the decision rule associated to this type of 
duplicates. 
Name of the subset containing flagged transactions with their reference transaction: “Origin_date_transactions” (n=4341). This is the subset of potential 
duplicates.  
Decision rule: based on the procurement cycle which lasts 20 days. 
Given that the dataset is sorted, within a group of potential duplicates the reference transaction is associated to the oldest date. We compute the difference 
between the dates of the flagged transactions and the one to which they referred: 

- If the difference in dates is lower or equal to 20 days, then the transaction is removed 
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Quantity of removed transactions: 329. 
Global Fund (16.4%); IDA (1.5%); JSI (0.3%); Mission Pharma (22.2%); MSH (0.9%); SCMS (48.6%); UNICEF (7.9%); UNITAID (2.1%) 
New dataset without this type of duplicates: “Dataset_ARVdrugs_step4” (n=36154) 
 

Fifth iteration:  “SOURCE_NAME” differs (s type) 
 
Initial sample size: 36483 transactions in the file “Dataset_ARVdrugs_step4” 
Flagging variable: “dup_s”, equal to 1 when only the “SOURCE_NAME” field differs, 0 otherwise. 
Variable of ID references: “origin_s”, contains the ID number of the transaction to which flagged transactions referred. 
 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
S 

ORIGIN_ 
S 

13989 Haiti 

Lamivudine 
(3TC) + 

Zidovudine 
(ZDV) 

150 mg + 
300 mg 

192600 0.22300103 42950 Cipla Ltd. India 21.06.2006 Global Fund 0 0 

14002 Haiti 

Lamivudine 
(3TC) + 

Zidovudine 
(ZDV) 

150 mg + 
300 mg 

192600 0.22300103 42950 Cipla Ltd. India 21.06.2006 IDA 1 13989 

 
Name of the subset containing flagged transactions: “Dup_s_transactions” (n=207).  
Name of the subset containing flagged transactions with their reference transaction: “Origin_s_transactions” (n=414). This is the subset of potential 
duplicates.  
Decision rule: The transactions reported by Global Fund and UNITAID are removed. 
Quantity of removed transactions: 207. Global Fund (78.7%) and UNITAID (21.3%). 
New dataset without this type of duplicates: “Dataset_ARVdrugs_step5” (n=35947). 
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Sixth iteration: “TOTAL_NUMBER_OF_SMALLEST_UNIT” and “TOTAL_PRICE_PAID” differ (nsu_total_p type) 
 
Initial sample size: 36483 transactions in the file “Dataset_ARVdrugs_step5” 
Flagging variable: “dup_nsu_total_p”, equal to 1 when both the “TOTAL_NUMBER_OF_SMALLES_UNIT” and the “TOTAL_PRICE_PAID” fields differ, 0 
otherwise. 
Variable of ID references: “origin_nsu_total_p”, contains the ID number of the transaction to which flagged transactions referred. 
 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
NSU_ 

TOTAL_ 
P 

ORIGIN_ 
NSU_ 

TOTAL_ 
P 

2987 Cambodia 

Lamivudine 
(3TC) + 

Stavudine 
(d4T) 

150 mg + 
30 mg 

158160 0.06299949 9964 Ranbaxy Ltd. India 06.10.2008 
Global 
Fund 

0 0 

2988 Cambodia 

Lamivudine 
(3TC) + 

Stavudine 
(d4T) 

150 mg + 
30 mg 

201480 0.06299881 12693 Ranbaxy Ltd. India 06.10.2008 
Global 
Fund 

1 2987 

2989 Cambodia 

Lamivudine 
(3TC) + 

Stavudine 
(d4T) 

150 mg + 
30 mg 

1363380 0.06299344 85884 Ranbaxy Ltd. India 06.10.2008 
Global 
Fund 

1 2987 

2990 Cambodia 

Lamivudine 
(3TC) + 

Stavudine 
(d4T) 

150 mg + 
30 mg 

1409520 0.06299946 88799 Ranbaxy Ltd. India 06.10.2008 
Global 
Fund 

1 2987 

40025 Zambia 
Nevirapine 

(NVP) 
10 mg/ml 1034880 0.07291667 75460 

Boehringer 
Ingelheim 

Germany 08.09.2004 UNICEF 0 0 

40026 Zambia 
Nevirapine 

(NVP) 
10 mg/ml 1035120 0.07291715 75478 

Boehringer 
Ingelheim 

Germany 08.09.2004 UNICEF 1 40025 
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40027 Zambia 
Nevirapine 

(NVP) 
10 mg/ml 2070000 0.07291691 150938 

Boehringer 
Ingelheim 

Germany 08.09.2004 UNICEF 1 40025 

 
The last table shows four transactions (first rows) for Cambodia where the number of smallest units and the total price are different. However, it is possible to 
observe that unit prices are similar suggesting that they come from the same transaction given that all the other fields are similar. 
This is the case where similar transactions are not really duplicates, but the same transaction delivered in….COMPLETER. We assume then that the 
transactions are indeed disaggregated.  
 
 
 
Name of the subset containing flagged transactions: “Dup_nsu_total_p_transactions” (n=7307).  
Name of the subset containing flagged transactions with their reference transaction: “Origin_nsu_total_p_transactions” (n=10695). This subset contains 
the disaggregated transactions. 
Decision rule: “UNIT_PRICE” is used as an auxiliary variable. We compute the difference between unit prices with respect to the transaction of reference. 

- If the differences between unit prices are higher than 50% in a given group, then all the transactions in that group are removed.  
- If the differences between unit prices are equal or lower than 50% in a given group, then all the transactions are aggregated in a single transaction. 

After the implementation of the decision rule, the aggregation of the 10695 transactions resulted in: 
- 10430 disaggregated transactions, becoming 3286 after aggregation; and 
- 265 transactions removed because the aggregation was not possible (price differences higher than 50%) 

This was identified in the dataset: “Origin_nsu_total_p_transactions_aggregated” (n=3551). Notice that for more than 97% (among the 10430 
disaggregated transactions) the unit price difference was equal to zero. This indicates that although quantities and total prices where different between 
transactions, the unit price was the same and, by consequence, they belonged to the same transaction. We assumed the same situation for transactions 
where the unit price difference was lower than 50%. 
New dataset after the aggregation of the concerned transactions: “Dataset_ARVdrugs_step6” (n=28538). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

Page 33 of 43 

 
 
 
 
 
 
 
 

 
  



 

Page 34 of 43 

Seventh iteration:  “TOTAL_NUMBER_OF_SMALLEST_UNIT” and “ORDER_DATE” differ (nsu_date type) 
 
Initial sample size: 28538 transactions in the file “Dataset_ARVdrugs_step6” 
Flagging variable: “dup_nsu_date”, equal to 1 when only the “TOTAL_NUMBER_OF_SMALLEST_UNIT” and the “ORDER_DATE” fields differ, 0 
otherwise. 
Variable of ID references: “origin_nsu_date”, contains the ID number of the transaction to which flagged transactions referred. 
 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
NSU_ 
DATE 

ORIGIN_ 
NSU_ 
DATE 

3827 Cameroon 

Lamivudine 
(3TC) + 

Zidovudine 
(ZDV) 

150 mg + 
300 mg 

694920 0.23805186 165427 
Aurobindo Pharma 

Ltd 
India 01.06.2008 

Global 
Fund 

0 0 

3861 Cameroon 

Lamivudine 
(3TC) + 

Zidovudine 
(ZDV) 

150 mg + 
300 mg 

711120 0.23262881 165427 
Aurobindo Pharma 

Ltd 
India 02.06.2008 

Global 
Fund 

1 3827 

10117 Djibouti 
Lamivudine 

(3TC) 
150 mg 15000 0.19353333 2903 Cipla Ltd. India 17.12.2005 

Global 
Fund 

0 0 

10118 Djibouti 
Lamivudine 

(3TC) 
150 mg 21000 0.13823810 2903 Cipla Ltd. India 19.02.2006 

Global 
Fund 

1 10117 

 
Name of the subset containing flagged transactions: “Dup_nsu_date_transactions” (n=33).  
Name of the subset containing flagged transactions with their reference transaction: “Origin_nsu_date_transactions” (n=61). This is the subset of 
potential duplicates.  
Decision rule: based on the procurement cycle which lasts 20 days. 
Given that the dataset is sorted, within a group of potential duplicates the reference transaction is associated to the oldest date. We compute the difference 
between the dates of the flagged transactions and the one to which they referred: 

- If the difference between dates is lower or equal to 20 days, then the newest transaction (in terms of the date of order) is retained. 
The assumption is that these transactions were updated. Thus, the total number of smallest units changed. 
 
Quantity of removed transactions: 4.  
New dataset without this type of duplicates: “Dataset_ARVdrugs_step7” (n=28534). 
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Eighth iteration:  “TOTAL_NUMBER_OF_SMALLEST_UNIT” and “SourceName” differ (nsu_s type) 
 
Initial sample size: 28534 transactions in the file “Dataset_ARVdrugs_step7” 
Flagging variable: “dup_nsu_s”, equal to 1 when only the “TOTAL_NUMBER_OF_SMALLEST_UNIT” and the “SourceName” fields differ, 0 otherwise. 
Variable of ID references: “origin_nsu_s”, contains the ID number of the transaction to which flagged transactions referred. 
 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
NSU_ 

S 

ORIGIN_ 
NSU_ 

S 

14567 Honduras 
Indinavir 

(IDV) 
400 mg 341820 0.16777778 57350 Ranbaxy Ltd. India 13.07.2004 

Global 
Fund 

0 0 

14570 Honduras 
Indinavir 

(IDV) 
400 mg 227880 0.25166667 57350 Ranbaxy Ltd. India 13.07.2004 UNICEF 1 14567 

19926 Malawi 

Lamivudine 
(3TC) + 

Stavudine 
(d4T) 

150 mg + 
30 mg 

59400 0.54015154 32085 Cipla Ltd. India 07.03.2007 
Global 
Fund 

0 0 

19938 Malawi 

Lamivudine 
(3TC) + 

Stavudine 
(d4T) 

150 mg + 
30 mg 

427800 0.07500000 32085 Cipla Ltd. India 07.03.2007 UNICEF 1 19926 

 
Name of the subset containing flagged transactions: “Dup_nsu_s_transactions” (n=7).  
Name of the subset containing flagged transactions with their reference transaction: “Origin_nsu_s_transactions” (n=14). This is the subset of potential 
duplicates.  
Decision rule: Transactions reported by the Global Fund are removed.  
Quantity of removed transactions: 7.  
New dataset without this type of duplicates: “Dataset_ARVdrugs_step8” (n=28527). 
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Ninth iteration:  “TOTAL_PRICE_PAID” and “ORDER_DATE” differ (total_p_date type) 
 
Initial sample size: 28527 transactions in the file “Dataset_ARVdrugs_step8” 
Flagging variable: “dup_total_p_date”, equal to 1 when only the “TOTAL_PRICE_PAID” and the “ORDER_DATE” fields differ, 0 otherwise. 
Variable of ID references: “origin_total_p_date”, contains the ID number of the transaction to which flagged transactions referred. 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
TOTAL_ 

P_ 
DATE 

ORIGIN_ 
TOTAL_ 

P_ 
DATE 

1112 Belarus 
Zidovudine 

(ZDV) 
10 mg/ml 93600 0.03800214 3557 

Glaxo SmithKline 
Ltd. 

Canada 01.07.2007 Global Fund 0 1112 

1113 Belarus 
Zidovudine 

(ZDV) 
10 mg/ml 93600 0.03784188 3542 

Glaxo SmithKline 
Ltd. 

Canada 09.07.2007 Global Fund 1 1112 

31723 South Africa 
Stavudine 

(d4T) 
1 mg/ml 180000 0.00658889 1186 

Bristol-Myers 
Squibb 

United States 20.03.2009 Global Fund 0 31723 

31724 South Africa 
Stavudine 

(d4T) 
1 mg/ml 180000 0.00732778 1319 

Bristol-Myers 
Squibb 

United States 08.04.2009 Global Fund 1 31723 

31725 South Africa 
Stavudine 

(d4T) 
1 mg/ml 180000 0.00752222 1354 

Bristol-Myers 
Squibb 

United States 24.06.2009 Global Fund 1 31723 

 
Name of the subset containing flagged transactions: “Dup_total_p_date_transactions” (n=1479).  
Name of the subset containing flagged transactions with their reference transaction: “Origin_total_p_date_transactions” (n=2435). This is the subset of 
potential duplicates.  
Decision rule: based on the procurement cycle which lasts 20 days. 
Given that the dataset is sorted, within a group of potential duplicates the reference transaction is associated to the oldest date. We compute the difference 
between the dates of the flagged transactions and the one to which they referred: 

- If the difference between dates is lower or equal to 20 days, then the newest transaction (in terms of the date of order) is retained. 
The assumption is that these transactions were updated. Thus, the total price paid changed.  
Quantity of removed transactions: 158.  
New dataset without this type of duplicates: “Dataset_ARVdrugs_step9” (n=28369). 
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Tenth iteration:  “TOTAL_PRICE_PAID” and “SourceName” differ (total_p_s type) 
 
Initial sample size: 28369 transactions in the file “Dataset_ARVdrugs_step9” 
Flagging variable: “dup_total_p_s”, equal to 1 when only the “TOTAL_PRICE_PAID” and the “SourceName” fields differ, 0 otherwise. 
Variable of ID references: “origin_total_p_s”, contains the ID number of the transaction to which flagged transactions referred. 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
TOTAL_ 

P_ 
S 

ORIGIN_ 
TOTAL_ 

P_ 
S 

19899 Malawi 

Lamivudine 
(3TC) + 

Nevirapine 
(NVP) + 

Stavudine 
(d4T) 

30 mg + 50 
mg + 6 mg 

2073600 0.04066647 84326 Cipla Ltd. India 31.12.2009 
Global 
Fund 

0 19899 

19900 Malawi 

Lamivudine 
(3TC) + 

Nevirapine 
(NVP) + 

Stavudine 
(d4T) 

30 mg + 50 
mg + 6 mg 

2073600 0.04066985 84333 Cipla Ltd. India 31.12.2009 UNICEF 1 19899 

25409 Pakistan 
Efavirenz 

(EFV) 
600 mg 105480 0.48932499 51614 

Matrix Laboratories 
Ltd. 

India 22.12.2008 
Global 
Fund 

0 25409 

25410 Pakistan 
Efavirenz 

(EFV) 
600 mg 105480 0.31299773 33015 

Matrix Laboratories 
Ltd. 

India 22.12.2008 UNICEF 1 25409 

 
Name of the subset containing flagged transactions: “Dup_total_p_s_transactions” (n=38).  
Name of the subset containing flagged transactions with their reference transaction: “Origin_total_p_s_transactions” (n=76). This is the subset of 
potential duplicates.  
Decision rule: Transactions reported by the Global Fund are removed. 
Quantity of removed transactions: 35.  
New dataset without this type of duplicates: “Dataset_ARVdrugs_step10” (n=28334). 
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Eleventh iteration:  “ORDER_DATE” and “SourceName” differ (date_s type) 
 
Initial sample size: 28334 transactions in the file “Dataset_ARVdrugs_step10” 
Flagging variable: “dup_date_s”, equal to 1 when only the “ORDER_DATE” and the “SourceName” fields differ, 0 otherwise. 
Variable of ID references: “origin_date_s”, contains the ID number of the transaction to which flagged transactions referred. 
Example: 

ID 
COUNTRY_ 

DESTINATION 
INN_ 

NAME 
STRENGTH 

TOTAL_ 
NUMBER_ 

OF_ 
SMALLEST_ 

UNIT 

UNIT_ 
PRICE 

TOTAL_ 
PRICE_ 

PAID 
MANUFACTURER 

MANUFACTURER_ 
COUNTRY 

ORDER_ 
DATE 

Source 
Name 

DUP_ 
DATE_ 

S 

ORIGIN_ 
DATE_ 

S 

10630 Egypt 
Lamivudine 

(3TC) 
150 mg 9000 0.05166667 465 

Aurobindo Pharma 
Ltd 

India 13.12.2007 UNICEF 1 10628 

10631 Egypt 
Lamivudine 

(3TC) 
150 mg 9000 0.05166667 465 

Aurobindo Pharma 
Ltd 

India 03.07.2008 UNICEF 1 10628 

10632 Egypt 
Lamivudine 

(3TC) 
150 mg 9000 0.05166667 465 

Aurobindo Pharma 
Ltd 

India 23.09.2008 UNICEF 1 10628 

10722 El Salvador 
Didanosine 

(ddI) 
400 mg 136800 0.68299711 93434 

Aurobindo Pharma 
Ltd 

India 26.05.2009 
Global 
Fund 

0 10722 

10723 El Salvador 
Didanosine 

(ddI) 
400 mg 136800 0.68299711 93434 

Aurobindo Pharma 
Ltd 

India 03.06.2009 IDA 1 10722 

 
Name of the subset containing flagged transactions: “Dup_date_s_transactions” (n=877).  
Name of the subset containing flagged transactions with their reference transaction: “Origin_date_s_transactions” (n=1738). This is the subset of 
potential duplicates.  
Decision rule: based on the procurement cycle which lasts 20 days. 
Given that the dataset is sorted, within a group of potential duplicates the reference transaction is associated to the oldest date. We compute the difference 
between the dates of the flagged transactions and the one to which they referred: 

- If the difference between dates is higher than 20 days, then no transaction is removed. 
- If the difference between dates is lower or equal than 20 days, then transactions reported by the Global Fund and UNITAID are 

removed. 
 

Quantity of removed transactions: 459.  
New dataset without this type of duplicates: “Dataset_ARVdrugs_step11” (n=27875). 
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Appendix 2: Estimates for strength-specific dummy variables 

 

 OLS  
(not controlling for 

outliers) 

MS-Estimator  
(controlling for 

outliers) 

 Estimate Std. Error Estimate Std. 
Error 

Reference : Abacavir (ABC) 20 mg/ml     

Abacavir (ABC) + Lamivudine (3TC) + Zidovudine (ZDV) 300 mg + 150 mg + 300 mg 0.3178 0.6009 0.4206 0.3752 

Abacavir (ABC) + Lamivudine (3TC) 300 mg + 150 mg 0.0401 0.7285 0.0280 0.4545 

Abacavir (ABC) + Lamivudine (3TC) 60 mg + 30 mg -1.2255** 0.6213 -1.1747*** 0.3876 

Abacavir (ABC) + Lamivudine (3TC) 600 mg + 300 mg 0.3831 0.6121 0.5070 0.3826 

Abacavir (ABC) 20 mg/ml -2.1716*** 0.5953 -2.0500*** 0.3714 

Abacavir (ABC) 300 mg -0.2636 0.5951 -0.1034 0.3713 

Abacavir (ABC) 60 mg -1.5765** 0.6173 -1.4761*** 0.3851 

Amprenavir (APV) 150 mg -0.5517 0.6873 -0.3878 0.4289 

Atazanavir (ATV) 150 mg 0.7081 0.6031 1.8418*** 0.3823 

Atazanavir (ATV) 200 mg 0.2171 0.6122 -0.3562 0.4372 

Atazanavir (ATV) 300 mg 2.4729*** 0.6240 2.8665*** 0.3894 

Darunavir (DRV) 300 mg 1.2605** 0.6084 2.2621*** 0.3838 

Didanosine (ddI) 10 mg/ml -1.1672* 0.5976 -2.1344*** 0.3749 

Didanosine (ddI) 100 mg -1.4557** 0.5953 -1.3200*** 0.3715 

Didanosine (ddI) 125 mg -0.5156 0.6273 -0.5859 0.3940 

Didanosine (ddI) 150 mg -1.2399** 0.5981 -0.9830*** 0.3733 

Didanosine (ddI) 200 mg -0.8824 0.5958 -0.7010* 0.3718 

Didanosine (ddI) 25 mg -1.9763*** 0.5958 -1.7605*** 0.3717 

Didanosine (ddI) 250 mg -0.2718 0.5955 -0.1882 0.3716 

Didanosine (ddI) 400 mg 0.0012 0.5954 0.0669 0.3715 

Didanosine (ddI) 50 mg -1.7586*** 0.5959 -1.5433*** 0.3718 

Efavirenz (EFV) / [Lamivudine (3TC) + Stavudine (d4T)] 200 mg / [150 mg + 40 mg] -0.1743 0.6360 0.0505 0.4009 

Efavirenz (EFV) / [Lamivudine (3TC) + Stavudine (d4T)] 600 mg / [150 mg + 30 mg] -0.0249 0.6132 -0.0219 0.3826 

Efavirenz (EFV) / [Lamivudine (3TC) + Stavudine (d4T)] 600 mg / [150 mg + 40 mg] -0.0496 0.6158 -0.0505 0.3842 

Efavirenz (EFV) / [Lamivudine (3TC) + Zidovudine (ZDV)] 200 mg / [150 mg + 300 mg] 0.1427 0.6240 0.1519 0.3893 

Efavirenz (EFV) / [Lamivudine (3TC) + Zidovudine (ZDV)] 600 mg / [150 mg + 300 mg] -0.0874 0.6061 -0.2017 0.3791 
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Efavirenz (EFV) + Emtricitabine (FTC) + Tenofovir (TDF) 600 mg + 200 mg + 300 mg 0.6550 0.5994 0.7294* 0.3741 

Efavirenz (EFV) 100 mg -1.5625** 0.6088 -1.3814*** 0.3798 

Efavirenz (EFV) 200 mg -1.0391* 0.5951 -0.9134** 0.3713 

Efavirenz (EFV) 30 mg/ml -2.2411*** 0.5965 -2.1009*** 0.3722 

Efavirenz (EFV) 50 mg -2.0109*** 0.5953 -1.8755*** 0.3714 

Efavirenz (EFV) 600 mg -0.1827 0.5949 -0.1083 0.3712 

Emtricitabine (FTC) + Tenofovir (TDF) 200 mg + 300 mg 0.3924 0.5955 0.4806 0.3715 

Emtricitabine (FTC) 200 mg -0.1169 0.7286 -0.9423** 0.3710 

Enfuvirtide (ENF) 90 mg 0.9911 0.6147 -0.1683 0.7302 

Etravirine (ETV) 100 mg 0.2473 0.8414 0.4741 0.3710 

Fosamprenavir (FPV) 700 mg 0.6878 0.6089 1.0493*** 0.3803 

Indinavir (IDV) 200 mg -1.6225*** 0.6077 -1.6821*** 0.3805 

Indinavir (IDV) 400 mg -1.1066** 0.5955 -0.9233 0.3716 

Lamivudine (3TC) + Nevirapine (NVP) + Stavudine (d4T) 150 mg + 200 mg + 30 mg -1.1711** 0.5950 -1.2618*** 0.3712 

Lamivudine (3TC) + Nevirapine (NVP) + Stavudine (d4T) 150 mg + 200 mg + 40 mg -1.1750** 0.5956 -1.1612*** 0.3716 

Lamivudine (3TC) + Nevirapine (NVP) + Stavudine (d4T) 20 mg + 35 mg + 5 mg -2.3462*** 0.6357 -2.3441*** 0.3966 

Lamivudine (3TC) + Nevirapine (NVP) + Stavudine (d4T) 30 mg + 50 mg + 6 mg -2.4117*** 0.5967 -2.4201*** 0.3723 

Lamivudine (3TC) + Nevirapine (NVP) + Stavudine (d4T) 40 mg + 70 mg + 10 mg -1.6558** 0.6424 -1.7043*** 0.4008 

Lamivudine (3TC) + Nevirapine (NVP) + Stavudine (d4T) 60 mg + 100 mg + 12 mg -1.7876*** 0.5966 -1.7731*** 0.3722 

Lamivudine (3TC) + Nevirapine (NVP) + Zidovudine (ZDV) 150 mg + 200 mg + 300 mg -0.7146 0.5952 -0.7044* 0.3714 

Lamivudine (3TC) + Nevirapine (NVP) + Zidovudine (ZDV) 30 mg + 50 mg + 60 mg -1.7339*** 0.5999 -1.7243*** 0.3743 

Lamivudine (3TC) + Stavudine (d4T) 150 mg + 30 mg -1.8574*** 0.5952 -1.8411*** 0.3714 

Lamivudine (3TC) + Stavudine (d4T) 150 mg + 40 mg -1.7377*** 0.5963 -1.6645*** 0.3720 

Lamivudine (3TC) + Stavudine (d4T) 30 mg + 6 mg -2.6809*** 0.5977 -2.6268*** 0.3729 

Lamivudine (3TC) + Stavudine (d4T) 40 mg + 10 mg -2.4106*** 0.6427 -2.4728*** 0.4010 

Lamivudine (3TC) + Stavudine (d4T) 60 mg + 12 mg -2.0365*** 0.5979 -1.9835*** 0.3731 

Lamivudine (3TC) + Tenofovir (TDF) 300 mg + 300 mg -0.0946 0.5971 -0.0742 0.3726 

Lamivudine (3TC) + Zidovudine (ZDV) 150 mg + 300 mg -1.0118* 0.5949 -1.0367*** 0.3712 

Lamivudine (3TC) + Zidovudine (ZDV) 30 mg + 60 mg -2.0422*** 0.6006 -2.0048*** 0.3747 

Lamivudine (3TC) 10 mg/ml -3.5825*** 0.5950 -3.6738*** 0.3713 

Lamivudine (3TC) 100 mg -3.2706*** 0.6062 -3.8600*** 0.3804 

Lamivudine (3TC) 150 mg -2.2041*** 0.5949 -2.1932*** 0.3712 

Lamivudine (3TC) 300 mg -1.2127* 0.6650 -1.1470*** 0.4149 

Lopinavir (LPV) + Ritonavir (RTV) 100 mg + 25 mg -1.3828** 0.5982 -1.2233*** 0.3733 
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Lopinavir (LPV) + Ritonavir (RTV) 133.3 mg + 33.3 mg -1.0710* 0.5953 -1.2761*** 0.3715 

Lopinavir (LPV) + Ritonavir (RTV) 200 mg + 50 mg -0.7440 0.5951 -0.5200 0.3713 

Lopinavir (LPV) + Ritonavir (RTV) 80 mg + 20 mg/ml -1.5198** 0.5954 -1.7713*** 0.3715 

Nelfinavir (NFV) 250 mg -0.9919* 0.5959 -0.8241** 0.3718 

Nelfinavir (NFV) 50 mg/g -1.5823*** 0.5980 -1.3351*** 0.3732 

Nevirapine (NVP) / [Lamivudine (3TC) + Zidovudine (ZDV)] 200 mg / [150 mg + 300 mg] -0.9372 0.6358 -0.9246** 0.3967 

Nevirapine (NVP) 10 mg/ml -3.3870*** 0.5950 -3.7433*** 0.3713 

Nevirapine (NVP) 200 mg -1.8480*** 0.5949 -1.9992*** 0.3712 

Ritonavir (RTV) 100 mg -1.6542*** 0.5956 -1.9876*** 0.3721 

Ritonavir (RTV) 80 mg/ml -2.5401*** 0.5968 -2.3909*** 0.3724 

Saquinavir (SQV) 200 mg -1.0698* 0.5966 -0.8874** 0.3724 

Saquinavir (SQV) 500 mg 0.1802 0.6024 0.3232 0.3760 

Stavudine (d4T) 1 mg/ml -4.2545*** 0.5953 -4.3349*** 0.3715 

Stavudine (d4T) 15 mg -2.7871*** 0.5958 -2.6657*** 0.3717 

Stavudine (d4T) 20 mg -2.6560*** 0.5953 -2.5137*** 0.3715 

Stavudine (d4T) 30 mg -2.7018*** 0.5950 -2.5690*** 0.3713 

Stavudine (d4T) 40 mg -2.6118*** 0.5953 -2.4862*** 0.3715 

Tenofovir (TDF) 300 mg -0.2167 0.5951 -0.0935 0.3713 

Tipranavir (TPV) 250 mg 1.8960*** 0.7286 2.2129*** 0.4546 

Zidovudine (ZDV) 10 mg/ml -3.6121*** 0.5950 -3.5835*** 0.3713 

Zidovudine (ZDV) 10 mg/ml 20ml 0.6820 0.5997 1.2421*** 0.3744 

Zidovudine (ZDV) 100 mg -2.1222*** 0.5953 -2.0183*** 0.3714 

Zidovudine (ZDV) 250 mg -1.2458** 0.6038 -0.9764*** 0.3771 

Zidovudine (ZDV) 300 mg -1.3392** 0.5950 -1.2151*** 0.3712 

*Significant at 10%; **Significant at 5%; ***Significant at 1%. 
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Appendix 3: Characteristics of non-outliers and good leverage points in the HIV legacy dataset 
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