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Case study description
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Aim: Prediction of in vitro gene mutation in bacteria with two (Q)SAR models and results documentation in IUCLID

Target molecule: 2,3,4-Trichlorobiphenyl

Knowledge-based model: VEGA – Mutagenicity (Ames test) model (ISS)

Statistical model: Danish (Q)SAR Database - Bacterial reverse mutation test (Ames test in S. typhimurium in vitro) –

Battery model

Select input method: SMILES notation - c1ccc(cc1)c2ccc(c(c2Cl)Cl)Cl

Cl

Cl

Cl



Includes all information 

on model, for IUCLID 

entries

Models for in vitro gene mutation in bacteria in the CONCERT REACH gateway
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Currently 22 Models from VEGA and 

Danish (Q)SAR Database

Direct link to documentation 

in QSAR Model Reporting 

Format (QMRF)

https://www.life-concertreach.eu/results/results-gateway/



VEGA: four models for Ames test

• CAESAR - Hybrid model (statistical + knowledge-based)

• KNN-Read-Across - read-across model

• ISS - knowledge-based structural alerts (Benigni-Bossa rulebase)

• SarPy-IRFMN - statistical structural alerts

Danish (Q)SAR Database: 15 statistical models and 2 knowledge-based alert profilers for Ames test

• Bacterial reverse mutation test (Ames test in S. typhimurium in vitro)

2 knowledge-based profilers from OECD QSAR Toolbox

DNA alerts for AMES by OASIS, alerts in parent only (OECD QSAR Toolbox v.4.2 Profiler)

In vitro mutagenicity (Ames test) alerts by ISS, alerts in parent only (OECD QSAR Toolbox v.4.2 Profiler)

Models for in vitro gene mutation in bacteria
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CONSENSUS model

Combining the 4 outcomes

• Direct acting Ames mutagens (without S9) 

• Base pair Ames mutagens 

• Frame shift Ames mutagens 

• Potent Ames mutagens, reversions ≥ 10 times controls 

To be considered only if the 

Bacterial reverse mutation 

test model gives a positive 

in domain outcome

3 models for each 

endpoint/mechanism +

Battery model

Combining the 3 outcomes



Models for in vitro gene mutation in bacteria
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How to select the appropriate model(s) for my substance?

• A priori selection is generally not possible

• However, experience in using the models might suggest which could give more reliable results for certain 

type of substances (e.g., industrial chemicals, active substances, etc.)

• Information on compliance of the target molecule with the applicability domain of the model

• Comparison with similar molecules with available experimental results

• It is generally required to use multiple and different models for evaluating the same endpoint *

Expert analysis of the results and supporting information is needed

Both VEGA and Danish (Q)SAR database provide 

information on applicability domain compliance and 

similar molecules can be extracted and analyzed

* additional info in appendix of this presentation
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VEGA: introduction
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VEGA: Virtual models for Evaluating the properties 

of chemicals within a Global Architecture

• Developed mainly by Mario Negri Institute (Milan) 

and Kode s.r.l. (Pisa) 

• Free platform developed based on contributions 

from EU projects

• Includes 110 statistical and knowledge-based 

(Q)SAR models for the prediction of (eco)toxicity, 

environmental fate and physico-chemical properties 

of chemicals.



VEGA: running predictions
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1. Add molecule(s) using SMILES 

notation

2. Added molecules are listed and 

2D structure can be visualized
3. Select the model(s)



VEGA: running predictions
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Full PDF reports:

• prediction(s) results

• applicability domain

• experimental data of 

the target (if any)

• most similar 

substances

• other supporting info (if 

any)

Simplified text reports

(useful for excel import)

4. Tick the layout(s) and 

choose the destination 

folder(s) for saving the 

report(s)

5. Click on «Predict»



VEGA: analysis of the results
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• Colour code for prediction (e.g., red = 

toxic, green = non-toxic)

• Stars for reliability from 1 (low) to 3 

(high)

• Summary of the evaluation

• More details about the prediction, 

including identified alerts (if any)

The reliability of the prediction is based on an automated check of the molecule 

compliance with the applicability domain of the model.

Knowledge-based model: Mutagenicity (Ames test) model (ISS)



VEGA: analysis of the results
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Applicability Domain Index (ADI) ranges from 0 (not in AD) to 1 (in AD)

The ADI is calculated based on other indices, each one taking into account a particular issue of the 

applicability domain (AD)

Calculated based on the 2 most 

similar molecules (not on all 6 

reported similar molecules)

Considers the whole training set of 

the model

Number of considered similar molecules, number and type of indexes and thresholds are model dependent

Info in QMRF

In AD if AD index ≥ 0.9



VEGA: Example of critical evaluation of the automated AD / 

reliability evaluation 
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Two most similar 

molecules considered

Affected by one 

molecule, with a 

different alerts profile

A higher reliability could be assigned to the negative prediction, 

also considering that all other similar molecules (mostly with the 

same “no alerts” profile) are experimentally negative



VEGA: take home message
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• Full documentation of all models is available, in QMRF format

• Supporting information (AD compliance, similar molecules) is

provided, allowing expert evaluation

• AD compliance is affected by identified similar molecules

• Current similarity evaluation does not consider important

parameters (e.g. different alerts, leading to different mechanism)

• Automated AD compliance check is not perfect and requires user

critical check

➢ This affects other tools as well, including commercial ones

A novel tool called VERA has been 

developed, aiming also at improving 

similarity evaluation and AD 

compliance check

(Next presentation, today)

Relevant for REACH dossier 

preparation in IUCLID
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Danish (Q)SAR Database: introduction
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• Developed by the Danish Technical University 

• Freely accessible online database of (Q)SAR 

predictions for a little over 650.000 chemical 

organic mono-constituent structures

• For each single contained substance, the 

database generates a report upon user request, 

which contains more than 200 (Q)SAR results

• Offers advanced searching tools for identifying 

potential similar molecules for supporting 

(Q)SAR predictions or candidate analogues for 

read-across



Danish (Q)SAR Database: gathering (Q)SAR results
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1. Input by structure
2. Import

4. Confirm SMILES

5. Search the database 

for the target molecule

3. Paste SMILES



Danish (Q)SAR Database: gathering (Q)SAR results
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6. Summary of the 

search performed

7. For each identified molecule, 

the (Q)SAR report can be 

downloaded in .rtf format



Danish (Q)SAR Database: results for in vitro gene mutation in bacteria
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Within LIFE CONCERT REACH, results from the four VEGA models 

and the Consensus model have been integrated

Structural alerts identified by two endpoint-specific profilers present in 

the OECD QSAR Toolbox

The target molecule was evaluated as compliant with AD of all 

Ames models, which generated consistent negative predictions.

The other four models should not be considered.

3 models + battery (consensus) for Ames test and for the four further 

endpoints to be considered only if the outcome for Ames is Positive 

and in domain (POS_IN)



Danish (Q)SAR Database: identification of similar molecules
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• Stepwise approach *

• Danish (Q)SAR Database can be searched for molecules, based on available

experimental data, (Q)SAR predictions, structural alerts, etc., for the endpoint of

interest

• For each query, a list of molecules is retrieved

• The lists can be merged, using logical operator such as AND or OR

* Example of stepwise approach provided in appendix of this presentation

Our case:

• Search for experimentally positive and negative molecules for Ames;

• Target molecule has no Alerts for DNA binding or in vitro gene mutation in bacteria, similar 

molecules can be selected with the same “no alerts” profile.



Danish (Q)SAR Database: identification of similar molecules
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1: The target molecule (2,3,4-Trichlorobiphenyl)

2: All molecules from the database, experimentally positive for Ames test

3: All molecules from the database, experimentally negative for Ames test

4 to 7: All molecules with no alerts for each of the relevant profilers (DNA binding-related, Ames test-

related)

8: Target + experimentally positive + experimentally negative (1, 2 and 3 combined with OR)

9: Subset of 8, including molecules with no alerts for the four relevant profilers (8, 4, 5, 6 and 7, 

combined with AND)

Query for 2 to 7 is performed in the “Human health” section)



Danish (Q)SAR Database: identification of similar molecules
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Columns can be added to show:

- Experimental data for the target endpoint

- Predictions for the target endpoint

- Other information useful for evaluating similar molecules 

(e.g. structural alerts from OECD QSAR Toolbox profilers)

The generated overview can be used to 

prepare a statement for supporting the 

reliability of the (Q)SAR prediction for the 

target molecule.

Click to calculate similarity with the target molecule 

and automatically sorting by highest similarity

Use “+” to add columns to the overview



Danish (Q)SAR Database: take home message
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• Full documentation of the models is available, in QMRF format

• Supporting information (AD compliance, similar molecules) is either

provided or can be retrieved, allowing expert evaluation

• Identification of similar molecules is not automated; however, more

information can be taken into account compared to other tools

(e.g. alerts profile)

• The generated reports do not include full applicability domain

compliance evaluation; however, the QMRF includes the definition of

the applicability domain.



01
Introduction on models and current 

case study

02
Running VEGA and results 

analysis

03

04

TABLE OF 

CONTENTS
Using Danish (Q)SAR Database 

and results analysis

Documenting (Q)SAR results in IUCLID 

for REACH dossier preparation



(Q)SAR results in IUCLID 

25

VEGA outcome reported according to ECHA Practical guide “How to use and report (Q)SARs”

Version 3.1 – July 2016

Weight of evidence OR supporting study

Appropriate rationale should be chosen considering both 

VEGA AD and reliability evaluation and expert assessment

According to ECHA Practical guide “it should normally 

be a maximum of 2”

IUCLID includes several possibilities for explaining the 

assigned reliability.



(Q)SAR results in IUCLID 
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VEGA v1.2.3

Mutagenicity ISS Model (version 1.0.3)

c1ccc(cc1)c2ccc(c(c2Cl)Cl)Cl

(QMRF) can be attached (next slide) 

and referenced here

Expert assessment is needed

VEGA report can be attached and 

used as reference. However, if expert 

assessment is performed, it can be 

described here.

procedure used to 

identify similar 

molecules in Danish 

QSAR database con 

be explained here



(Q)SAR results in IUCLID 
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QPRF can also be attached, if 

prepared by the user

Basic information about the 

software and model are 

sufficient

Otherwise, the test guidelines 

used to generate the data for 

the training set

Information from QMRF section 

2.7 - Reference(s) to main 

scientific papers and/or 

software package



(Q)SAR results in IUCLID 
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In the results section, the remarks picklist 

includes (Q)SAR-specific items

If multiple constituents are assessed for one 

substance, the Practical Guide suggest to prepare 

separate entries

Test material must reflect the evaluated 

structure
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Importance of using multiple models for 

addressing the same endpointAppendix A
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Statistical models
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Training set

SMILES Number of Number of Number of Number of log Kow Molar FM mass FM mass FM half-life FM half-life FM half-life FM half-life 

COc1ccc(cc1)-c1nc(-c2ccccc2)c([nH]1)-c1ccccc123 5 4 0 5.43 102 m³/mol 60.70% 0.06% 900 h 1.8E+03 h 8.1E+03 h 4.35 h

Cc1c(cccc1N=C=O)N=C=O 9 3 1 0 3.74 48.6 m³/mol 6.86% 0.76% 900 h 1.8E+03 h 8.1E+03 h 22.8 h

CC1(Cn2ccnn2)C(N2C(CC2=O)S1(=O)=O)C(O)=O25 13 3 0 -1.72 67.5 m³/mol 0.08% 2.58E-10 900 h 1.8E+03 h 8.1E+03 h 4.56 h

CN(C)CCOC(=O)C=C 20 7 0 0 0.425 40.5 m³/mol 0.08% 0.20% 360 h 720 h 3.24E+03 h 2.79 h

Clc1cc(Cl)c(Cl)cc1Cl 6 4 1 0 4.57 43.7 m³/mol 1.26% 4.87% 1.44E+03 h 2.88E+03 h 1.3E+04 h 3.12E+03 h

OCCc1cn(N=O)c2ccccc12 14 4 2 0 1.5 53.3 m³/mol 0.44% 3.49E-07 360 h 720 h 3.24E+03 h 1.25 h

[O-][N+](=O)c1cc(cs1)C(=O)Nc1cccc(Br)c113 6 2 1 3.23 72.9 m³/mol 0.20% 4.77E-07 1.44E+03 h 2.88E+03 h 1.3E+04 h 30.9 h

CCOC(=O)COc1ccc2C(=O)C=C(Oc2c1)c1ccccc127 11 3 0 3.62 91 m³/mol 0.53% 0.00% 900 h 1.8E+03 h 8.1E+03 h 0.773 h

CN(N=O)c1ccccc1 11 3 1 0 1.49 39 m³/mol 0.29% 0.74% 900 h 1.8E+03 h 8.1E+03 h 18.8 h

CN1c2ccccc2C(=O)c2c(O)cc3OC(Cc3c12)C1(C)CO132 15 5 0 2.61 90.5 m³/mol 0.24% 7.05E-07 1.44E+03 h 2.88E+03 h 1.3E+04 h 1.09 h

CCCCCCCCCCCCc1ccccc1 42 12 1 0 7.94 81.8 m³/mol 5.95% 1.58% 360 h 720 h 3.24E+03 h 12.8 h

CS(=O)(=O)Nc1ccc(Nc2c3ccccc3nc3ccccc23)cc122 5 4 0 3.81 No value 23.60% 2.13E-07 900 h 1.8E+03 h 8.1E+03 h 0.64 h

[O-][N+](=O)c1ccc(Oc2ccc(Cl)cc2Cl)cc113 6 2 1 4.32 68.5 m³/mol 7.03% 1.16% 1.44E+03 h 2.88E+03 h 1.3E+04 h 232 h

Oc1cc(ccc1[N+]([O-])=O)[N+]([O-])=O9 5 1 2 1.73 42.4 m³/mol 0.35% 0.47% 900 h 1.8E+03 h 8.1E+03 h 509 h

CCOC(=O)CC(C)C 21 7 0 0 2.26 36.3 m³/mol 0.12% 16.50% 360 h 720 h 3.24E+03 h 54.2 h

Cc1c(C)c2c(nc(N)n2C)c2nccnc12 17 4 3 0 1.64 No value 2.71% 4.86E-08 900 h 1.8E+03 h 8.1E+03 h 4.19 h

CSc1cc(SC)c(N)c(C)c1N 21 7 1 0 1.36 66.3 m³/mol 0.38% 1.69E-07 900 h 1.8E+03 h 8.1E+03 h 1.27 h

Oc1ccc2c(c1)c1ccccc1c1cc3ccccc3cc2115 1 5 0 6.22 No value 61.90% 0.01% 1.44E+03 h 2.88E+03 h 1.3E+04 h 1.28 h

CC(=O)C(Br)=C 8 3 0 0 0.802 28.7 m³/mol 0.09% 2.25% 360 h 720 h 3.24E+03 h 20.1 h

NCCNCCNCCN 27 9 0 0 -2.65 44 m³/mol 0.10% 0.00% 360 h 720 h 3.24E+03 h 1.11 h

CCCCCOC(=O)C(C)=C 24 8 0 0 3.24 45.3 m³/mol 0.17% 3.73% 208 h 416 h 1.87E+03 h 7.39 h

CC1CCCC2(C)CCCCC12O 36 14 2 0 3.57 54.5 m³/mol 0.33% 0.48% 900 h 1.8E+03 h 8.1E+03 h 11.5 h

CC(=C)C(=O)OCCOC(=O)C(C)=C 23 9 0 0 2.21 51.5 m³/mol 0.10% 0.47% 360 h 720 h 3.24E+03 h 4.2 h

CN(C)c1ccc(CCO)cc1 21 6 1 0 1.74 52.3 m³/mol 0.09% 0.03% 900 h 1.8E+03 h 8.1E+03 h 1.24 h

COC1=CC(=O)c2c(ncc3c4cnccc4[nH]c32)C1=O15 6 4 0 0.137 78.7 m³/mol 7.14% 7.74E-14 900 h 1.8E+03 h 8.1E+03 h 6.72 h

Clc1ccccc1C=O 7 2 1 0 2.35 37 m³/mol 0.11% 1.33% 900 h 1.8E+03 h 8.1E+03 h 14.8 h

Oc1c(Cl)cc(Cl)c(Cl)c1[N+]([O-])=O 8 6 1 1 3.84 48.6 m³/mol 2.68% 1.60% 1.44E+03 h 2.88E+03 h 1.3E+04 h 1.64E+03 h

N1C2C1c1cscc1-c1cscc21 13 6 4 0 2.62 58.4 m³/mol 1.82% 0.07% 360 h 720 h 3.24E+03 h 5.49 h

CCOc1ccc2NC(C)(C)C=C(C)c2c1 29 10 2 0 3.87 69.8 m³/mol 1.28% 0.04% 900 h 1.8E+03 h 8.1E+03 h 1 h

CCCCC(CC)COC(=O)c1ccccc1C(=O)OCC(CC)CCCC58 20 1 0 8.39 115 m³/mol 19.30% 0.68% 360 h 720 h 3.24E+03 h 11.7 h

CCCCC(CC)COC(=O)COc1ccc(Cl)cc1Cl36 14 1 0 6.27 85.5 m³/mol 6.39% 0.65% 900 h 1.8E+03 h 8.1E+03 h 17.7 h
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𝑦 = 𝑎𝑥1 + 𝑏𝑥2 + 𝑐𝑥3…

Fragmentation 

and/or molecular 

descriptors

Identification of 

most relevant 

parameters

Implementation

Knowledge-based models

NH2

N

Structural alert for toxicity

MW < 1000 g/mol
3 < log Kow < 9
WS > 1 mg/L

Phys-chem constraints

Effects in bacteria?
Effects in mammals?

Target organism constraints

Gathering expert 

knowledge

Rules development

Implementation

VEGA 

SarPy/IRFMN

VEGA CAESAR
(Statistical submodel)

VEGA CAESAR
(KB submodel)

and

VEGA ISS

Development of statistical and knowledge-based models
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𝑦 = 𝑎𝑥1 + 𝑏𝑥2 + 𝑐𝑥3…

• Might be able to identify toxic effects 

through mechanisms not known by 

expert;

• Can‘t support such mechanism nor 

the final evaluation with literature 

evidence or explanations.

Statistical models

NH2

N

Structural alert for toxicity

MW < 1000 g/mol
3 < log Kow < 9
WS > 1 mg/L

Phys-chem constraints

Effects in bacteria?
Effects in mammals?

Target organism constraints

• Based on and "limited" by human 

knowledge;

• Support results with literature and 

mechanistic information.

Knowledge-based 

models

First layer of integration

Statistical and KB models “complement” each other
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Second layer of 

integration

How the model “looks” at the structure to be predicted
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Statistical and KB models “complement” each other



Statistical and KB models: second integration layer

NH2

N

Structural alert for toxicity

MW < 1000 g/mol
3 < log Kow < 9
WS > 1 mg/L

Phys-chem constraints

Effects in bacteria?
Effects in mammals?

Target organism constraints

• Focus on specific substructures (alerts);

• Might not be able to evaluate potential influence of the 

structure on the toxicity of the alert;

• Some models encode “exclusion rules”, still based on 

expert knowledge:

• Structural modifications that decrease or remove the 

toxicity;

• Constraints on physico-chemical parameters.

Knowledge-based 

models

E.g. Benigni-Bossa rulebase

(ISS and CAESAR)

35



Statistical and KB models: second integration layer
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𝑦 = 𝑎𝑥1 + 𝑏𝑥2 + 𝑐𝑥3…

• Might be able to consider the whole 

structure for the toxicity prediction:

• User evaluation limited by “Black box” 

effect;

• Might be able to identify structural features 

that decrease the toxicity of structural 

alerts:

• Critical expert evaluation is needed.

Statistical models
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E.g. SarPy/IRFMN model:

structural alert for non-mutagenicity



CAESAR model: Example of automated knowledge-

based and statistical integration
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Positive 

prediction

Alert 

identified

Alert 

identified

Descriptors-based statistical model
(Tuned to minimize False Positives)

Negative prediction

Mutagenic

Mutagenic

Suspected

Not mutagenic

Main aim: identifying 

and “correcting” 

False Negative 

predictions

Knowledge-based model
(Subset of Benigni-Bossa alerts)

No alerts

Knowledge-based model
(Subset of Benigni-Bossa alerts)

No alerts



Danish QSAR Database: similar molecules 

identificationAppendix B



Danish (Q)SAR Database: identification of similar molecules
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1. Select the type of 

endpoint

2. Select the specific 

endpoint

3. Extract molecules with available experimental 

data

4. Select one of the two outcomes for extracting all 

molecules with that experimental outcome (e.g., 

Positive)

5. repeat steps 1-4 for extracting all molecules with 

the other possible experimental outcome (e.g., 

Negative)



Danish (Q)SAR Database: identification of similar molecules

40

In this case, according to the report generated for the target, no alerts for any of the profilers

7.  To account for mechanistic similarity, molecules with the same alerts profile can be extracted



Danish (Q)SAR Database: identification of similar molecules

41

- Target molecule

- All molecule experimentally positive for 

Ames test

- All molecules experimentally negative for 

Ames test

8. Click to select the results of all three 

queries

OR: the combined query will include molecules present in at 

least one of the selected source queries

9. Combine the three queries with the OR operator
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10. Click to select the results of “no alerts” 

queries and the previously combined list

AND: the combined query will include molecules only if 

present in all source selected source queries:

Target, positives and negatives, without identified alerts 

11. Combine the queries with the AND operator
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