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Borderlands Science - Supplementary material 

This document contains a repository of the information about our methods that we were not able 

to fit in the main text. It is organized in the order of the main pipeline figure (Figure 2 in the main 

text); each section here corresponds to a step on the wide arrow. 

 

 
 

A detailed table of contents follows on the next page.  

 

 

 

Quick access: 

● Click here for the Borderlands Science publicly available data 

● Click here for the Borderlands Science publicly available code 

● Click here to learn more about Gearbox Entertainment 

● Click here to learn more about the scientific team behind Borderlands Science at McGill 

University 

● Click here to learn more about the Microsetta Initiative 

● Click here to learn more about Massively Multiplayer Online Science 

https://games.cs.mcgill.ca/bls/
https://games.cs.mcgill.ca/bls/
https://www.gearboxsoftware.com/
https://games.cs.mcgill.ca/
https://games.cs.mcgill.ca/
https://microsetta.ucsd.edu/
https://microsetta.ucsd.edu/
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1. The American Gut Project 

The data used in the project comes from genome fragments sequenced from stool 

samples submitted by participants to the American Gut Project (AGP) initiative 

(McDonald et al. 2018). 

 

AGP is a citizen science initiative with the goal of advancing microbiome research. The 

human microbiome has a fundamental impact on human health. Aiming to support 

precision medicine and educate the general public about this crucial aspect of human 

health, this project was motivated by a lack of knowledge regarding the margins of 

bacterial diversity within the human population and the relative importance of lifestyle, 

health conditions, and food. Researchers have compared samples of the human 

microbiome, mostly from the US, UK, and Australia, with samples of the environment 

from the Earth Microbiome Project (Gilbert, Jansson, and Knight 2014) and samples 

submitted by more than 10,000 citizen scientists. The AGP revealed novel compounds 

and various types of molecular communities in the human stool metabolome and 

demonstrated the existence of a greater spectrum of beta diversity among human stool 

microbiome in comparison to environment samples. (McDonald et al. 2018) 

 

The Microsetta Initiative (TMI), based at the Knight lab at the UC San Diego School of 

Medicine, was born as a result of the AGP. Along with the Center for Microbiome 

Innovation at UC San Diego, it is a highly collaborative, multinational effort. To further 

our understanding of the human microbiome, TMI's objective is to include citizen 

scientists in microbiome research, educate through outreach, and provide a significant 

resource for future scientific efforts. 

 

 

 

 

 

 

 

 

 

 

 

 

https://paperpile.com/c/A0ASzb/vp1u
https://paperpile.com/c/A0ASzb/OooC
https://paperpile.com/c/A0ASzb/vp1u


 

4 

2. The data: 16S rRNA Fragments & metadata 

The genome fragment dataset presented in this project consists of the first 150 

nucleotides of the V4 region in the 16S rRNA gene. This region in particular was 

selected because it has been previously established to be a good proxy for the evolutive 

behavior of the full 16S rRNA sequence for human microbiota (Van Der Pol et al. 2019). 

The raw 16S rRNA amplicons were denoised using Deblur in Qiita and expressed as 

amplicon sequence variants (ASVs) 

 

The dataset is constituted of 951,445 such sequences, obtained from stool samples 

contributed by volunteers of the American Gut Project. 

 

Along with the rRNA sequences, we have relative abundance data that quantifies the 

abundance of each observed ASVs in each sample. 

 

Finally, for each sample, we have technical and non-technical metadata. The technical 

metadata describes information about the technical process of sequencing, such as the 

processing robot and plating, whereas non-technical metadata contains information 

about the user. This data comes from forms filled by the participants who produced the 

stool samples, and contains information about their profile (age category, race, 

geographical location, etc.), behavior (teeth brushing frequency, exercise frequency, 

etc.), health conditions (cancer, irritable bowel disorder, crohn’s disease, etc.) and 

alimentation (types of plants consumed, alcohol frequency, fruit frequency, etc.).  

 

The main focus of the study is the 16S rRNA sequences, but the relative abundance 

and metadata are leveraged to compute effect sizes to evaluate phylogenies associated 

with the alignments produced through Borderlands Science. 

 

For more information about the data collection and format, you can refer to the 

American Gut Project paper: https://journals.asm.org/doi/10.1128/mSystems.00031-18 

 

For more information about sequence alignments and effect sizes results, see Table of 

Contents. 

 

 

 

https://paperpile.com/c/A0ASzb/M4Io
https://journals.asm.org/doi/10.1128/mSystems.00031-18
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3. Sequence Clustering 

Borderlands Science's goal is to align 951,445 RNA genome fragments, sequenced 

from human gut microbes in stool samples.  

 

Given a dataset of one million sequences, each containing 150 nucleotides, and a 

puzzle with the dimensions 6x8, there are (1.41 * 10^38) possible puzzle combinations, 

which would make it extremely difficult to get sufficient coverage from player data to 

draw conclusions.  

 

Moreover, due to the similarity between some of these sequences,treating them as one 

million individuals would probably not be the best use of the players’ time and energy. 

To maximize efficiency, we used CD-Hit (Fu et al. 2012) to cluster the set of sequences 

by similarity, to obtain a set of cluster representatives to build an alignment for the 

game.  

 

We lightly tuned the default parameters to reduce the size of the initial set by a factor of 

50 to 200, to sufficiently reduce the problem to achieve high coverage of player 

solutions, without reducing it to the point of obtaining clusters that would be too 

heterogeneous. We obtained about 10,500 clusters. 

 
A visualization of the sequence clustering process 

https://paperpile.com/c/A0ASzb/hded
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4. Tight PASTA scaffold alignment 

Given a large set of sequences, it is unrealistic to expect humans working on small 

batches without insight on the larger picture to be able to produce a perfect alignment. 

Additionally, a lot of human time would then be invested in tasks that computers do not 

need help with (aligning identical subsequences, for instance). It is much simpler to 

submit an alignment to the human users and ask them to adapt it. Additionally, it has 

been shown that humans can solve NP-hard problems, but also improve computer 

solutions to these same problems. (Fu et al. 2012; Holzinger 2016). This concept is 

often referred to as a human-in-the-loop model. In summary, we use a computer 

alignment as a template for the puzzle rather than just the sequences to focus the 

human actions on the most important problem solving steps (the finishing of the 

alignment). 

For game design reasons, it was a lot easier to build an interactive and fun game 

centered around inserting gaps than one centered around removing them (see Section 

6). For that reason, we chose to use PASTA (Siavash Mirarab et al. 2015) to build a 

template for the alignment. This is because PASTA tends to build tight alignments 

(alignments with few gaps), even with a high number of sequences. 

At the time of generating this PASTA alignment of about 10,500 cluster representatives, 

we observed that ~900 of these representatives did not align at all with the other 

sequences. Further investigation revealed these ~900 cluster representatives only 

accounted for a total of ~4,500 sequences out of the one million set, for an average 

cluster size of ~4.5, compared to an average cluster size of 95 for the entirety of the set. 

We concluded that about 4% of sequences that don’t align with the rest of the set at all 

were about in line with the expected rate of sequencing errors, and we removed these 

cluster representatives from the set. 

This left us with a PASTA alignment of 9,667 cluster representatives, representing a 

total of 946,740 sequences. This alignment was used as the scaffold to generate all the 

puzzles mentioned in this project. 

We also considered alternative alignment methods, such as MAFFT, MUSCLE, or 

structural alignment software such as ssu-align. MAFFT and MUSCLE were rejected 

because they produced alignments that were too wide to easily create puzzles (which 

we later revisited for phase 2, see section 5). As for ssu-align, it could not be used off-

the-shelf for our project since it aligns bacteria and archaea separately (as it uses a 

different structural model for each), and we do not have accurate taxonomic 

classifications for our sequences. 

https://paperpile.com/c/A0ASzb/hded+l7RO
https://paperpile.com/c/A0ASzb/5jtf
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It should be noted that ssu-align, even when only applied to sequences that it identified 

as bacteria (so about 9100 of the 9667 cluster representatives), produced an alignment 

that was wider and achieved a worse compound metric than all other alignment 

methods listed in Table 1 in the main text. We hypothesize that this is due to the poor 

taxonomic annotation of the sequences, the shortness of our sequence fragments, and 

the poor structural signal of the first third and last third of the sequence fragments in our 

dataset, which make our data not ideally suited for a tool such as ssu-align. 
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5. Puzzleification 

The puzzles were generated periodically every month from March 2020 to the end of 

phase 1 of the project, in August 2021, to make sure players always had new puzzles to 

play. In order to get a wide enough distribution of solutions, each puzzle was aimed to 

be played by 45 different players, in three different versions, each with a slightly 

different number of tokens available, to obtain a slightly wider sample of the score-gaps 

trade-off space. 

 

The puzzle generation process for phase 1 used a supervised stochastic process: given 

a range of puzzle sizes required by the players, a list of column ranges is generated so 

that each column range is used to attempt to make puzzles. Then, for each column 

range, N sequences (depending on the size of the puzzle being generated) are sampled 

from the PASTA alignment. In order to compensate for the bias that comes from the 

gravity effect, puzzles are made both from left to right and from right to left. To make 

sure the user has room to add gaps, the top two rows of the puzzle are always empty. 

In practice, most puzzles occupy roughly half the screen at the start of the game. 

Additionally, in order to add dynamism, each sequence in each puzzle has some 

probability to be shortened or elongated. The probability of being elongated or 

shortened by 1 base is around 0.15 on average (depending on the version), and then 

the probability diminishes for each further base to be added or removed. Bases for 

elongation are taken from the next columns in the alignment. This lets the player see 

sequences of different lengths, which allows them reconsider alignment choices that 

were made in the initial PASTA alignment. 

 

Puzzles are selected or discarded based on test play by a greedy solver, who mimics a 

low-skill player. The goal of the greedy player is to discard puzzles in which there is little 

incentive to move bricks because the starting gravity effect already yields a local 

optimum, determine how much room there is for improvement to assign a number of 

tokens, and determine the par score the player has to beat in order to get loot, which we 

can think of as the minimum effort score. Since puzzles that were static were rejected, 

this naturally led to regions with more room for improvement to be over-represented in 

puzzles. 

 

Finally, in the objective of making the game more engaging and improving its 

replayability (and thus generating more data), an offset was introduced between the 

consensus guides and the sequence featured in some puzzles. An offset of 1 would 

mean puzzles using sequences from the alignment columns 10 to 14 would have the 

guides from columns 9 to 15 to enhance the action space for the user, who would then 
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have to push up many bricks by one to get back to the "par" and, in the process, would 

have to reevaluate alignment decisions made by the PASTA algorithm. 

 

Note: because the puzzles are not in the same orientation as the alignment, the 

vocabulary can get confusing. For this reason, when we use terms like rows or columns, 

assume we are always talking about the game (where each row is an alignment 

position, and each column is a sequence. To describe elements of the alignments, we 

will use the terms sequences, tips, or fragments to refer to horizontal coordinates, and 

the term position for vertical coordinates. 

 

In the following sections, we cover the puzzle generation process step by step from one 

end of the pipeline to the other. 

 

5.1 Puzzle Overview 

5.1.1 Rules and Objectives 

When a player commences a puzzle they are provided a two-dimensional grid with a set 

number of columns and rows based on the difficulty. Each column in the grid is a subset 

of a 16SrRNA ASV. Columns contain an assortment of nucleotides represented by four 

coloured bricks. Colours are randomly assigned to the nucleotides adenine, cytosine, 

guanine, and thymine at the start of a puzzle to prevent bias towards a particular colour. 

A guide is presented alongside the grid, with one to two coloured bricks per row. If a 

brick in the grid matches one of the guide bricks in the associated row, the total score 

increases by one, otherwise it is worth zero points. If all bricks in the row match the 

guide, the score for the row is equal to the number of columns multiplied by 1.15. A 

player is given a set number of gap bricks, which they can insert in between bricks 

anywhere in the grid. Once a gap brick is placed, it pushes all proceeding bricks in the 

column upward by one. Likewise, removing a gap brick causes all proceeding bricks in 

the column to collapse by one. A brick cannot surpass the boundaries of the guide. The 

objective of the game is to insert gap bricks into the grid to align with the guide as well 

as possible and maximize the score.  

 

These are the pre-established rules of the game determined during the initial design in 

partnership with Gearbox Software, and are not subject to change (see Section 6). The 

only methods which can be changed are how the puzzles are generated, and how the 

player solutions are handled. 
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5.1.2 Puzzle Generation Phases 

Puzzle generation was broken down into two separate phases during its lifespan. The 

first phase focused on alignment coverage, attempting to produce puzzles for as many 

of the sequences and positions as possible. The resulting solutions are the primary 

focus of our realignment tests. This phase exclusively used PASTA as the base 

alignment, and incorporated the version one greedy solution algorithm with hard 

windows, and an acceptance parameter of three greater than the score of the collapsed 

puzzle. All these methods are discussed in depth in this chapter. 

 

While phase one focused on coverage, the objective of phase two was experimentation. 

This phase consisted of various methods for puzzle generation, with the goal being to 

reduce the number of puzzles needed, while still improving final results. All methods 

listed in this chapter not used during phase one were utilized in phase two. 

 

Note: all the results mentioned in the main text and the other sections of the 

supplementary material were obtained from Phase 1 puzzles. Complementary 

information about Phase 2 is provided for context. 

 

5.2 Puzzle Construction 

5.2.1 Puzzle Origins 

Once a set of representative sequences has been generated, it can be subjected to an 

alignment algorithm. Due to the size of the alignment file it is unrealistic to expect 

humans to produce a perfect alignment given small batches without insight on the larger 

picture. As a result, it is more reasonable to run the set of sequences through an 

existing alignment algorithm, and utilize that output as the baseline for puzzle 

production. For our purposes, the alignment file was run through PASTA due to a dense 

alignment with compact regions of nucleotides ideal for our puzzles. From that point, 

puzzles are generated from the PASTA alignment, searching for small regions which 

our algorithms believe can be improved. Further testing also explored using Muscle 

alignment for comparison, versatility, and flexibility. 

 

5.2.2 Puzzle Sizes 

Prior to creating any puzzles, grid size must first be determined. Puzzles are defined by 

the number of sequences, displayed as columns, and number of alignment positions per 

sequence, displayed as rows. Puzzles also contain an additional empty two rows at the 

top of the puzzle containing guide information, but no sequence nucleotides. This 
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ensures that a certain number of gaps can be inserted without surpassing the guide. 

Borderlands Science utilizes ten difficulties, with a number of sequences between six to 

nineteen, and columns ranging from seven to twelve. 

 

5.2.3 Window Type 

When searching regions suitable for player puzzles, a number of consecutive alignment 

positions must be observed based on difficulty. In order to achieve this, we use a sliding 

window algorithm, going over every potential region. We developed two different 

methods to utilize this sliding window, The first being a simple hard window, while the 

other being a more flexible soft window. 

 

Hard Window 

The first approach for finding alignment regions for a puzzle is a hard window. Using a 

sliding window with a size equal to the number of puzzle rows specified, we can obtain 

a region with subsets of all sequences. While this method does have its benefits, it does 

have drawbacks. 

 

First, this method is very fast, efficient, and reliable. It allows the puzzle generation to 

find small dense regions of nucleotides, and determine if they would benefit from 

inserting, shifting, or removing gaps. Second, this window may include positions 

containing primarily gaps, providing opportunities to condense the alignment. 

 

The first potential drawback is the existing guide used for solving puzzles. The guide 

finds the two most common nucleotides (including gaps as nucleotides) and asks the 

player to attempt to align the puzzle to the guide as well as possible. If a position is 99% 

gaps, and 1% Adenine (A), the guide will display (-, A). Due to the simplicity, the puzzle 

will reward a player for aligning an A, yet will not give any incentive for inserting a gap. 

This causes many regions which the original alignment algorithm determined should be 

gaps, to collapse further. This is not necessarily bad, but it does impose a bias. 

 

The other larger drawback is the restriction on dense clusters of nucleotides. This is not 

an issue using an already dense alignment such as PASTA as the base, but does 

cause difficulties using alignments like MUSCLE which is far more widespread, and may 

not have enough nucleotides within a defined window size. An array of positions 

consisting of primarily gaps may be the result of a single sequence, and by ignoring the 

sequence, those positions would be irrelevant and removed. Since we do not want to 

impose our own bias, the sequence remains, and the large array of gaps creates a 

divide preventing hard windows from creating certain puzzles. 
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Soft Window 

The second method that has been implemented is a soft window. A sliding window 

method is used to determine the starting row of the puzzle, rather than the entire puzzle 

region. From that point the soft window retrieves the next x nucleotides per sequence, 

rather than the next x positions. This ensures each sequence has a subset of x 

nucleotides. Once a set of sequences is chosen for the puzzle, we align the sequences 

based on original alignment positions, and trim to retrieve the first x positions. The end 

result is a set of sequences which spanx positions, conforming to the requirements of 

the puzzle, but ignoring positions consisting of only gaps irrelevant to the given 

sequences. As with hard windows, this method has its perks and quirks. 

 

The primary benefit is that soft windows are better suited for wide-spanning alignments 

such as MUSCLE, no longer restricted to dense regions of nucleotides, and able to 

produce puzzles using small clusters by ignoring arrays of gap positions. 

 

This also addresses a feature of hard windows. Soft windows ignore the positions which 

the original alignment file determined should be filled with gaps. It does not provide 

incentive to collapse the alignment by removing those positions from the equation. This 

does impose a different bias, being unable to consider those gapped positions as part of 

the puzzle, so window type is important based on conditions. 

 

The main drawback of this method is a more complicated and extensive process than 

the hard window. It does run slower than the hard window method, but still within an 

acceptable runtime for our purposes. 

 

5.2.4 Sequence Selection 

After determining a specific window, Borderlands Science randomly selects a single 

sequence as the core of the puzzle. The remaining sequences are then filtered based 

on similarity to the core using a rudimentary scoring schema. Matching nucleotides 

receive a -1, and mismatched nucleotides gain a +2. Sequences that are not identical, 

yet retain a certain degree of similarity are accepted. The core sequence, along with 

randomly selected sequences from the filtered results, are then used as the base for the 

puzzle. If filtering produces too few sequences, or some sequences contain an identical 

range of nucleotides, then the process restarts with another sequence as the core. 

 

5.2.5 Guide 

Borderlands Science's predecessor Phylo required players to align all sequences to 

each other as well as possible using a phylogenetic process. Unfortunately, our set of 
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microbial rRNA ASVs lack that phylogeny information. In order to overcome this lack of 

data, a guide is constructed. The guide calculates the two most common nucleotides 

per position, which is given to the player alongside the sequences. The player's goal is 

then to align each sequence as closely as possible to the guide. 

 

5.2.6 Offset 

Offset is a critical component in ensuring puzzle variety, and allowing different 

approaches to similar puzzles. Offset modifies the guide to not align properly with the 

corresponding nucleotides. An offset of one would require a gap at the start of every 

sequence to achieve the same starting point as an identical puzzle with an offset of 

zero. These types of puzzles result in greater insight of player methodology given two 

different instances of the same puzzle with a slight variation. 

 

5.2.7 Direction 

Puzzles generated heavily utilize gravity as part of the game mechanics. Gravity in the 

game acts as a constant force, pushing all nucleotides towards the bottom row. Puzzles 

start with all gaps removed. Adding a gap to a sequence pushes all proceeding 

nucleotides in the column upwards, and removing a gap allows gravity to push the 

affected nucleotides downwards. Furthermore, while the player scoring scheme does 

not penalize gaps, we want to minimize the number of gaps added, so the solution 

algorithms used for evaluation do impose a minor penalty per gap. The scoring scheme 

penalizes adding gaps at the start of the puzzle, but does not account for gaps after the 

last nucleotide. As a result, it takes far less effort to align all sequences near the bottom, 

rather than the top. In order to account for this bias, puzzles can be generated in either 

direction. 

 

5.2.8 Variety 

Players require stimulating games. Repeating similar puzzles can feel tedious over time, 

and result in less engagement. One step in rectifying this is adding a jagged edge to the 

top of the puzzle. If a puzzle was a simple rectangle every time, puzzles would be rather 

boring to look at over time, and give limited gaps per column. This is alleviated by 

implementing a small chance of variation. Each sequence has a 10% chance to shorten 

or elongate the sequence by a nucleotide, and an exponentially smaller chance for 

repetitive changes. The product is a slightly jagged edge at the top of the puzzle which 

provides more visual appeal, yet the sequences are not so different that it hinders the 

realignment process. 
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5.3 Puzzle Testing 

5.3.1 Puzzle Base Point 

Prior to a player even starting a puzzle, each sequence subset is collapsed, removing 

all existing gaps from the original alignment. This provides a player free reign to choose 

how the local alignment should look, whether it will resemble the original alignment, or 

something else entirely. 

 

5.3.2 Puzzle Scoring Scheme 

 

Player Scoring 

Borderland Science's predecessor Phylo utilized an affine gap cost model for its scoring 

scheme. This scoring is often used in pairwise alignments, and scores nucleotides 

accordingly. Match = +1, mismatch = -1, gap opening = -4, gap extension = -1. In order 

to accommodate a faster paced game, the player scoring scheme was vastly simplified. 

If a nucleotide matches the provided guide, they receive a point. Otherwise it is worth 

zero points, and gaps are worth zero. If all nucleotides in a row matched the guide, they 

receive bonus points equal to 1.15 times the number of columns in the puzzles. 

 

Solution Algorithm Scoring 

As part of the puzzle generation process, a solution algorithm is run to mimic 

rudimentary player behaviour, and evaluate if a region can be improved. Despite solving 

the same puzzle, the puzzle solution algorithm can incorporate different scoring 

schemes to subject regions to greater criticism. This was done to ensure better puzzles 

are chosen, and player solutions will have a greater impact. In order to penalize adding 

gaps, while not straying too far from the player scheme, most solution algorithm scoring 

imposed a -0.6 for each gap added. Later experiments also used the affine gap penalty 

cost scoring scheme used in Phylo, due to its previous success. 

 

5.3.3 Puzzle Types 

In order to determine if a subset of sequences requires player analysis, each puzzle is 

subjected to a solution algorithm. Each algorithm follows a base logic in an attempt to 

achieve the best score possible. If the results surpass the acceptance parameters the 

puzzle is considered worth investigating, and is given to players who will explore the 

problem with a perspective an algorithm lacks. 
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Version 1 Greedy Solution Algorithm 

Originally, puzzles were subjected to a greedy solution algorithm with a slightly different 

design due to game designs that were still unclear. The greedy algorithm attempts to 

place, remove, or shift a gap in a position which results in the greatest improvement to 

the overall score, and repeats this process until the score can no longer be improved. 

Early plans involved shifting nucleotides one at a time, rather than being able to shift an 

entire sequence by inserting a gap anywhere in the puzzles. This results in only being 

able to add a gap brick along the top row of the puzzle on the first turn, and sequential 

turns allow shifting the gap brick down if the score increases. This design allowed the 

runtime to be drastically reduced, only needing to consider a handful of possible 

positions. While this method produced millions of valid puzzles, the initial design 

deviated from the final plan, and resulted in several potentially beneficial puzzles 

skipped due to improvements only available within the puzzle, rather than at the top 

row. 

 

Version 2 Greedy Solution Algorithm 

While the handicapped greedy discovered many useful puzzles, it did hinder optimizing 

human contribution by neglecting regions which may prove more value. The revised 

greedy algorithm dismissed the handicap, observing every possible position to add, 

remove, or shift a gap providing the greatest increase to the score, until no further 

improvements can be made. In some cases, the solution found could not be improved 

upon, thus the objective score given to the players is set at half of what the greedy 

algorithm was able to achieve. This simple change resulted in puzzle solutions 

achieving far higher average objective scores than its handicapped version. These 

raised objective scores provide a greater challenge to the player, and force them to 

make more well thought out decisions beneficial to our realignment. 

 

The primary hindrance of the revised greedy algorithm is that to evaluate each position 

in the puzzle for each step, generating thousands of puzzles becomes very costly. In 

order for this method to be efficient, certain shortcuts can be taken to minimize the 

necessary work. 

 

The first condition is ignoring areas where adding a gap is impossible, or irrelevant. If a 

column has already reached the max height of the guide, no more gaps can be added, 

thus the column can be ignored. Furthermore, if a gap has been added, it is redundant 

to add a second gap both before and after the existing gap, as it will have the same 

outcome. 

 

The second step is improving the time required to calculate the score of the puzzle. 

Rather than looking at each individual nucleotide and determining if it matches the 
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guide, we can retrieve the sum of all nucleotides in a row which match the guide, and if 

that sum is equal to the number of columns, we can add the row bonus. 

 

Lastly, the most critical change is reducing the number of times needed to recalculate 

the score. By calculating the score of the puzzle prior to adding a new gap, called 

current_score, then adding a gap at the start of a column, recalculating, and calling that 

future_score, we already have all the information needed for the given column. If you 

add a gap to row three, you need to make minor adjustments for the individual row, but 

rows one and two will be equivalent to the rows in current_score, and all rows preceding 

row three will be equivalent to future_score. This results in only calculating the score 

once per column, and then each potential gap position in the given column is a simple 

equation of (current_score < row) + row + (future_score > row). This reduces the 

number of times calculating the score from n^2 to n+1. 

 

Profile Alignment Algorithm 

The improved greedy algorithm saw a significant increase in average score, yet it still 

has one glaring flaw due to the nature of greedy algorithms. Given a puzzle where 

multiple gaps are needed before seeing a large improvement, a greedy algorithm will 

ignore it. Thus a second solution algorithm was developed to account for most cases. 

The profile solution algorithm performs a modified profile alignment on each column 

against the guide using an affine gap cost model. Each column is aligned as best as 

possible with the guide, then the total puzzle score is calculated the same way as the 

greedy alignment. Due to processing each column individually, row bonus points are not 

factored into the column alignments, but the points are still applied should the final 

solution produce complete rows. 

 

The modified profile alignment behaves as a standard profile alignment, with only two 

exceptions. The first being that the guide has up to two possible nucleotides rather than 

one, therefore it must consider both as valid options. Second, gaps beyond the column 

are not penalized. Once all nucleotides are matched with a position in the guide, the 

remaining gaps aligned with the final positions in the guide do not receive a gap penalty. 

 

In order to remain consistent with the greedy algorithm, the pairwise algorithm utilized 

the same scoring scheme for most puzzles generated. Some puzzles were generated 

using Phylo's scoring scheme, as the -4 penalty for opening a gap made the greedy 

algorithm virtually impossible. This scoring schema generated far fewer puzzles, but 

achieved far higher average scores. 
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5.4 Acceptance Parameters 

5.4.1 Minimum Score 

Early generations of the puzzle generation accepted any puzzle whose solution score 

had improved by at least three in comparison to the collapsed puzzle score. This was 

determined as an acceptable degree of improvement for the lowest difficulty puzzles. 

 

Improvements were later implemented to compare the solution score to the score prior 

to collapsing, as that is an accurate representation of the original alignment. 

Furthermore, the minimum improvement of three has a decreasing impact as difficulty 

increases, and average score improves. There is a high degree of correlation between 

the number of rows and average solution score. We introduced an incremental 

minimum score improvement, which could raise the minimum acceptance score by a set 

value, typically 0.5, for every column or row added per difficulty. 

 

5.4.2 Minimum Moves 

While minimum score ensures puzzles provide solutions with a greater score than their 

predecessor, a minimum number of moves was also implemented to ensure puzzles 

remain engaging to the players. If the puzzle is able to surpass the prior alignment 

score with a single move, it will be a rather short lived and boring experience for the 

player, and the puzzle itself will not provide much information for realignment. By 

implementing a minimum number of moves, the puzzles remain engaging, and open up 

the possibility of various good solutions. 

 

5.4.3 Variety 

To build upon the minimum moves requirement, a minimum variety was added to 

ensure a certain number of subsequences were used, rather than only adding gap 

bricks to a single column. This assures us more of the puzzle information will be 

relevant, rather than a single subsequence, and will further instill player engagement. 
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6. The Borderlands Science Game 

Borderlands Science is a mini-game that is accessible from within the Massively 

Multiplayer Online game Borderlands 3. In Borderlands 3, players may walk to an 

arcade machine that allows them to play Borderlands Science. Borderlands Science is a 

casual arcade game in which the player attempts to align columns with each other to 

earn enough score to cross a threshold. Score earned by the player can be spent to 

unlock new rewards such as items and gameplay consumables within Borderlands 3.  

 

In Borderlands Science, the player is shown 7 to 12 columns of bricks, depending on 

the difficulty of the level. Each column represents a homologous DNA sequence 

fragment (note that this representation is the transposed version of the typical multiple 

alignment representation where sequences constitute alignment rows). The number and 

length of sequences increases with the difficulty level. Each individual brick corresponds 

to one of the four types of nucleotide bases in DNA, differentiated by colour. Each 

puzzle in Borderlands Science is made of fragments of microbial 16S ribosomal RNA 

gene sequences provided by the American Gut Project. In the initial configuration of the 

puzzle, the bricks are piled up at the bottom of the screen, as though they were under 

the effect of gravity. 

 

The player is provided with a limited number of gap tokens, which they can insert 

between bricks to maximize the alignment of bricks against the guides on the left. These 

guides provide insight about the overall context of the alignment region the sequence 

fragments come from.   

 

The cost of adding a gap is conveyed to the player as the resistance to the gravity 

effect. The main challenge of the game is to beat the nominal score set by the naive 

greedy AI player in the face of limited gap tokens and move on to the next puzzle. 

 

6.1 Game Design: adapting Phylo to the Borderlands Universe 

Borderlands 3 is a high-intensity, action-packed video game focused on gunfighting, 

looting and questing. Players are pulled forward by the power growth of their characters 

and pushed by the storyline to explore new areas. This isn't a natural fit for a puzzle 

game such as Phylo (Kawrykow et al. 2012), a version of which was planned for 

Borderlands Science. We had to plan for the best place to lure players into their first 

taste of this slower game experience. The first question was: where do players learn 

about this initiative? 

  

https://paperpile.com/c/A0ASzb/X9eM
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6.1.1 Discoverability 

Borderlands 3 game structure is centered around a clearly identifiable cycle: players go 

out in the game world to live adventures, acquire new and powerful equipment, 

complete quests and follow different story arcs. This in-game phase is high-intensity 

and characterized by a lot of fighting, driving and jumping around. The next phase takes 

place in their home base which happens to be a spaceship called Sanctuary-3. They 

may visit their ship to sell unwanted items, upgrade their characters or visit new planets 

in the universe. There are also many story-driven moments taking players back to their 

ship. This second phase is low-intensity and allows for players to catch their breath, 

decide what to do next and jump back into action once they're ready. 

  

It felt natural for us to include the Borderland Science experience as part of that second 

phase. To push things further, we decided that the minigame would had an actual 

representation in the game world as a vintage arcade booth. Players had to navigate 

their ship to reach that arcade machine and directly interact with it. This decision was 

taken for multiple reasons: 

1. An arcade booth is a well-known trope which serve as a clear invitation to take 

a break and jump in a new experience. 

2. Having a new visual element appear in their spaceship would draw the players 

attention much more than an option appearing solely in menus, it gives 

Borderlands Science a much greater sense of importance to them. 

3. Borderlands 3 art direction is greatly inspired by the 80's playful relationship 

with technology, the arcade booth helped make Borderlands Science feel like a 

real part of the in-game world rather than clashing with it. 

  

The arcade booth was positioned within the ship's medical bay headed by the peculiar 

Dr. Patricia Tannis. This was in part because the theme of the minigame revolved 

around biological concepts but also because Dr. Tannis were presented as the game's 

inventor to link it to the game's universe. Players were directed toward the Medical Bay 

through the usage of a special quest marker which would direct them to the arcade 

booth while explaining its relationship with the in-game world and its characters. 

  

6.1.2 Player engagement 

Once players found the arcade machine and played a few rounds of Borderlands 

Science, we had to convince them to come back and complete some more. Even with 

the best puzzle-game experience possible, Borderlands players didn't purchase the 

game to complete puzzles but to shoot and loot. The mini game had to provide enticing 

reasons for a vast diversity of players. 

6.1.3 In-Game boosters 
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For players that are achievers, that care mostly about optimizing their character power 

and get the best possible equipment in the game, we introduced the notion of Boosters. 

Completing puzzles within our minigame awarded them with a currency that could be 

used to purchase in-game Boosters that would greatly speed up their progress. The 

effect of these boosters ranged from receiving bonus experience points to dealing more 

damage to enemies but the most popular one boosted the player's "luck", slightly tipping 

the scales so that they would get rarer and better equipment during regular gameplay. 

These boosters lasted for a few hours and would require players to return to the arcade 

booth to complete a few more puzzles. 

  

6.1.4 In-Game customization 

For social players, reaching milestones in the gameplay would unlock unique visual 

customization options. These eye-catching costumes served as a reward by 

themselves, but we also hoped to generate discussions between online players: "Hey! 

Nice costume, how can you get it?", increasing players' awareness of the minigame. 

  

6.1.5 Narrative Integration 

We designed the progression in our minigame as a sort of leaderboard populated with 

beloved Borderlands characters. As players would complete increasingly difficult 

puzzles, they would beat some of these characters who would then react to this. This 

was a clever way of further integrating the experience within the Borderlands universe, 

inject some much-needed humor and give some hints about which characters of this 

vast universe were the brightest (or dumbest…). Players enjoyed these interactions 

which motivated them to see who the next character was and how they would interact 

with them. 

  

6.1.6 Love for science 

One key driver for player engagement was the sheer novelty of helping science. In our 

user tests, once players were made aware that solving the puzzles helped science, they 

all became much more invested and interested. Some of them even said that they didn't 

even need any sort of rewards: helping science was enough! These findings helped us 

in the final dressing of the project, we included a lengthy video detailing how the game 

contributed to the scientific world. This video even became a marketing piece shared on 

YouTube and other social media. 
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6.1.7 Leveraging downtime 

In Borderlands 3, players that join a multiplayer game (with friends or strangers) will 

often start in their ship before heading into action. Players that would wait for their 

friends to log-in or to complete their loadouts were given a convenient and fun way to 

pass time: solving some puzzles! 

Now that we had plans for discoverability and made sure to have many ways to drive 

player engagement, we now had to focus on the actual gameplay experience. 

6.2 The Borderlands Science gameplay 

Now that we have covered discoverability and engagement drivers for our Borderlands 

Science minigame, we ought to look at how the minigame itself plays. The original idea 

came from McGill's own Phylo but it was clear that Phylo couldn't be taken as-is to be 

included within Borderlands. It needed to be adapted to its new medium. 

6.2.1 Leveraging downtime 

Following the retro Arcade cabinet we developed, the game's overall aesthetics needed 

to be completely redone to create a unified vision. The usage of vintage video games 

tropes such as pixel art, upbeat synthetized music and a simplified control scheme also 

made the game more approachable, make it feel like a toy to be experimented with by 

players. This hid the underlying complexities of DNA matching. 

 The very first design mock-up of the game, showing the introduction of verticality, tokens, guidelines 

and more. 
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6.2.2 Guidelines and Scoring 

In Phylo, players need to align tiles against one another. We simplified this concept for 

Borderlands Science by providing players with guidelines on the side of the puzzle. 

Having a tile of the same color of the guide would be worth one point. Having a full line 

would award a multiplier bonus for the whole line. 

  

6.2.3 Progress bar 

We illustrated the player's progress with a progress bar. Good moves that aligned more 

tiles to the guidelines would move the bar forward and bad moves would empty it. If the 

bar was filled up, the player reached the par score and could move to the next puzzle. 

However, they were strongly incentivized to find ways of scoring extra points beyond the 

par-score. The par score was actually based on the imperfect alignment provided by the 

algorithm. 

  

6.2.4 Gravity-enabled, token-based gameplay 

One of the earliest changes we brought to Phylo was to rotate their puzzle orientation 

90 degrees to make the gameplay vertical. This allowed us to add gravity: pieces would 

fall from the top of the screen and collapse on top of one another. This dynamic 

animation brought the minigame's to life, played on the common trope of falling pieces 

puzzle games (think Candy Crush, Bejeweled, Tetris, etc.) and simplified the control 

scheme. 

  

Instead of having the rows of pieces left or right using their mouse, players now only 

had to manage a single direction: up. They did that by inserting a token in a column, 

pushing all the puzzle tiles under it upward. The player could then remove a token to 

take it back and the pieces would automatically fall back into their original position 

through gravity. This made the game easy to understand and fun to interact with. This 

also removed the need of using a mouse to drag and drop the rows sideways, allowing 

players to use a regular game controller. 

  

6.2.5 Limited Tokens, Optimized Puzzles 

Finding the best DNA alignment is a two-parameters optimization problem: how good is 

the alignment vs. How many gaps were added by the user. Balancing these two 

variables is tricky for a player. At first, we gave the same number of tokens for a given 

puzzle to all players and incentivized them to reach the best possible alignment by 

using the smaller number of tokens possible. However, we quickly found out that 
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players intuitively used all of their tokens, being focused on finding the best alignment 

possible, and didn't feel good about holding on tokens before submitting their solution. 

  

We solved this in quite an elegant way. We presented the same puzzle to different 

players with a different number of tokens. This simplified the required task to what 

players intuitively wanted to do: maximize their score using all tokens at their disposal. 

Rather than thinking about a single player, we solved a game design issue by looking at 

the whole community of players. Lifting the complexity of a task from the shoulders of a 

single player and spreading it across all. 

6.2.6 Puzzle size 

In Phylo, puzzles could take up to 30 minutes to complete. For Borderlands Science, we 

aimed for a radically shorter time: less than a minute. We achieved this by scaling down 

the puzzle sizes. Individually, these bite-sized puzzles may not provide a big volume of 

data but Since we expected a much larger number of players, we felt confident that, in 

this case, quantity trumped quality. 

  

6.2.7 Difficulty Progression 

The original difficulty progression chart, illustrating the variation of puzzle size and number of double 

guidelines, these values are not the one that made it into the final product. 
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Since we couldn't reliably estimate the difficulty of a puzzle by looking at its composition, 

we managed the difficulty progression by scaling up the puzzle sizes and number of 

double-colored guidelines. 

  

6.2.8 Tutorial Levels 

We hand-crafted five tutorial levels to teach the following skills: 

1. Basic token usage and alignment 

2. Scoring rules and stacked tiles 

3. Optimizing score with imperfect solutions 

4. Introducing the double-guide lines. 

5. A test of all learned skills using a live puzzle of difficulty "0". 

  

6.2.8 Bias elimination in visual elements 

We introduced some mechanics to make sure to eliminate unconscious biases in the 

solutions: 

● Color bias: every time a puzzle was presented to a player, the color of the tiles 

and their DNA nucleotide would be randomized. 

● Direction bias: every time a puzzle was presented to a player, the direction it 

faced "up" was randomized. 
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7. Puzzle Database 

Solutions that players have submitted are saved. Data that is stored includes each 

action the players make (where they place or remove their bricks) as well as their time 

stamp. Players also have unique identifiers. Massively Multiplayer Online Science 

(MMOS) hosts the database of all puzzles and solutions received from players of 

Borderlands Science, and act as an inbetween between the scientific team and the 

game. They work in collaboration with Gearbox to make sure the data in the game is 

always up to date and functional and monitor the technical side of the database, 

allowing the scientific team to focus on puzzle design and results analysis. 

 

 

7.1 Data Storage and Data Management 
 

The puzzle construction pipeline (see 5.2) produces a lot of data that needs to be 

delivered to the end user, the gamer. This process includes multiple stages and 

involves three organizations: McGill University, Massive Multiplayer Online Science 

(MMOS), and Gearbox Software. While McGill and Gearbox are responsible for the 

scientific and entertainment aspects of the project respectively, MMOS serves as an 

intermediate medium. It stores puzzles, efficiently distributes them to millions of players 

and collects player solutions. 

 

First, a newly created puzzle originates in McGill servers, where it gets saved into the 

internal database along with a massive amount of metadata. Further in the pipeline, 

additional information will allow researchers to correlate puzzles and solutions with 

scientific data. 

 

Next, essential information about puzzles is packed into JSON files that are thoroughly 

tested and validated. Then, they are transferred to the AWS S3  bucket, managed by 

MMOS. 

 

On the transfer completion, the McGill data processing pipeline triggers the MMOS API. 

It parses and saves individual puzzles into its internal high-performance distributed 

database. To serve puzzles to thousands of Gearbox game clients (players) at a time, it 

uses caching techniques setting aside a limited number of puzzles to run through the 

players. 

 

Finally, the Gearbox game client (Borderlands Science Arcade Booth) requests 

individual puzzle data from MMOS servers. In return, it provides a player solution with a 

player identifier (anonymized) that is posted back to MMOS servers. Player solutions 
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are saved into MMOS' internal database, aggregated into archives, and stored in AWS 

S3 service. In turn, the McGill data processing pipeline transfers them back to McGill 

servers, associates solutions with science data using metadata, and saves them in the 

internal database ready for further data analysis.  

 
A summary of the Borderlands Science database. Black lines represent a flow of puzzle data, red lines 

show a flow of solution data. 
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8.Solution Filtering 

Not all solutions are equal, even though they are all useful. As Borderlands Science 

puzzles are played by an average of 45 players each, some filtering is needed to 

remove the noise from the solutions. 

Solution filtering. The player solutions are jointly filtered by pareto-optimality and consensus. The ~20-

40% darkest dots on the three-dimensional plot would be selected as high-confidence puzzle solutions 

and used in the re-alignment pipeline 

8.1 Filtering by Pareto Optimality 

There is an assumed Pareto optimality of the solutions of a puzzle where the solutions 

have the best puzzle score for the fewest amount of gaps added. We examine the 

effects of filtering using pareto optimality by keeping only the submitted solutions that 

are closest to an estimated pareto front created by all solutions of each unique puzzle.  

 

8.1.1 Pareto Frontier Estimation 

Estimation of the Pareto frontier is done by selecting 3 unique solutions at the following 

conditions: The solution with the best score with the least amount of gaps, the solution 

with the least amount of gaps with the best score, and the solution with a number of 

gaps equal to the median amount of gaps with the best score.  

 

The amount of gaps used and score of these three solutions are used to solve and fit a 

parabola of the form y = a(x+b)^2) + c, which represents our pareto frontier in the 

positive-x and positive-y quadrant.  

 

A proportional horizontal Pareto distance is described by the following equation:  
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(score - min_score) / (paretoFrontScore - min_score) 

 

Where min_score is the minimum score of any solution within the family, and 

paretoFrontScore is the score of the quadratic representing our estimated pareto front 

with the current solution's amount of gaps. Therefore, the proportional horizontal Pareto 

distance represents a ratio of how close a solution is to the Pareto frontier in context of 

all other solutions. 

8.2 Filtering by Gap Distribution Similarity 

The variability of solutions may add noise to the potential distribution space and hinder 

the realignment process. In order to extract specific solutions and strategies, we create 

a distribution of the gap positions of  all solutions and select the solutions that are most 

similar to that distribution - hence keeping only solutions that most conform to a 

consensus of gaps that are most often used by players. 

 

8.2.1 Calculating Solution Gap Distribution 

For each puzzle, each solution’s gap positions are added to a distribution matrix, which 

is subsequently normalized between least amount of gaps added and most amount of 

gaps added. The distribution similarity score of each solution is calculated using cosine 

similarity to the distribution matrix.  

 

8.2.2 Pareto - Weighted Gap Distribution Similarity 

A distribution matrix weighted by each solution’s distance to the pareto frontier is 

created to determine solutions that are similar to the consensus of gaps that decrease 

the distance to the pareto frontier the most. This is created by weighting the added gap 

positions to the distribution matrix by multiplying with the proportional horizontal pareto 

distance before normalizing the full distribution matrix. Filtering is similarly done by 

selecting ranges of similarity. 

 

8.2.3 Removing Least Pareto-Optimal Solutions 

To additionally incline the distribution of gap positions towards a consensus of gap 

positions used by solutions close to the pareto frontier, we remove an amount of 

solutions with the smallest proportional horizontal pareto distance before creating the 

weighted distribution matrix of gap positions. The main results remove the four least 

pareto-optimal solutions. 
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8.3 Minimum Solution Count Per Puzzle 

Puzzles with fewer than 15 submitted player solutions are removed as they have too 

few solutions to generate a meaningful Pareto frontier and distribution for the remainder 

of the filtering and analysis. 

 

8.4 Discarding Upper Rows  

Only information about the bottom rows are kept when processing solutions for 

realignment (3 for puzzles with 8 rows, and 5 for puzzles with 12 rows). This is done by 

design of the puzzles due to the so-called “gravity effect” which encourages players to 

align the sequences from the bottom first. 

 

 

8.5 Filtering Experiments and Parameter Tuning 

Several experiments for filtering were done to confirm certain hypotheses about the 

dataset, and to search the parameter space and tune for the optimal set of parameters 

to generate the best dataset for our realignment pipeline. A compound metric was 

created to compare the score of the various experiments. This compound metric is 

calculated with the following equation: 

 

(20*KC) + (0.5 T) / 1000 

 

Where KC is the Kendall-Colijn distance of the realignment, and T is the Triplet distance 

of the realignment. The compound metric represents a better alignment the closer it is 

to 0. 

 

8.5.1 Weighted Gap Distribution Similarity Experiments 

We tested a range of filters for the weighted distribution similarity ( 0.5, 0.6, 0.65, 0.7, 

0.75, 0.9). The results suggest that a filter to discard solutions below 0.7 weighted 

distribution similarity yields the best compound metric score. This filter of the data also 

retains approximately 34% of all solutions, which is acceptable for our purposes. A 

larger filter will remove too many solutions and make the realignment too variable, thus 

increasing the compound metric score. 
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8.5.2 Removing X Least Pareto-Optimal Solutions 

With the above filter for weighted distribution similarity, we tested removing several 

amounts of least pareto optimal solutions (2, 4, 6, 8, 10, 12). The compound metric for 

removing 4 least pareto optimal solutions per puzzle vastly improved upon other 

amounts. As such we have chosen to remove 4 for our main results.  

 

8.5.3 Distribution Weights Experiment 

Combined with the above two filters, we experimented with using different weights for 

creating the weighted distribution matrix - a realignment with the solutions filtered with 

the full weights of the proportional horizontal distance of each solution, a realignment 

with half-weighted distribution matrices, and one without any weighting. The hypothesis 

is that the more weighted the distribution is, the better the compound metric, since the 

filter will be discarding more solutions that are not pareto optimal. The results appear to 

support this statement, as the fully weighted distributions produce the best compound 

metric. 

 

8.5.4 Offsets Experiments 

Each puzzle was created with a few variations to help increase the variability of the 

player solutions. An offset was sometimes introduced between the consensus guides 

and the sequence featured in some puzzles. Adding solutions from the offset puzzles to 

the dataset decreases the compound metric of the realignment, due to increase of 

variability in the gap distribution. However, by increasing the filtering of offset-ed 

puzzles specifically, we can reach a middle point between extracting information from 

these solutions and the increase in variability. Our tests suggest that a filter of 0.8 

weighted distribution for offset solutions only yields the best compound metric. 

We observed that these offset puzzles showed an increased average number of moves 

played for eight of the nine difficulty levels, which demonstrates they add complexity 

compared to regular puzzles. However, when computing an improved alignment with the 

same parameters, we observed rather unimpressive phylogeny metrics, with a mean 

Kendall-Colijn distance of 1,617 and a mean Triplet distance of 69,964. Nevertheless, 

raising the weighted distribution similarity threshold to account for the increased 

heterogeneity of the data yields improved results, with a mean Kendall-Colijn distance of 

1,240 and a mean Triplet distance of 59,750. While these results are slightly worse than 

those observed on the data excluding offset puzzles,they are quite close. They also show 

improved effect sizes on important variables. 
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For now, we are leaving the exploration of these offset puzzles to future work, because 

while we believe there is potential to be unearthed from them, we believe the most 

systematic approach is to clearly establish the contribution of “regular” puzzles and then 

build on these findings to integrate the more heterogeneous data. 

 

8.5.5 Coverage experiments 

A key idea in the Borderlands project is in the idea that the vast amount of player 

solutions will help improve the realignment process by generating stronger 

consequences of solutions. We have experimented with discarding certain percentages 

of puzzles at random from the dataset to determine if more solutions generates better 

realignments. (10%, 30%, 50%, 70%, 90%). This has been determined to be true as 

removing larger percentages of solutions corellates to a worse compound metric for 

realignment.  

 

8.6 Borderlands Science main result filtering strategy 

For each puzzle, the 20 to 60 (objective 45, real mean 43.4) user solutions were filtered 

by their similarity to the distribution of gap positions from all submitted solutions to that 

puzzle. This distribution was additionally weighted by Pareto-optimality . Solutions 

showing a cosine similarity less than 0.7 from this weighted distribution are discarded, 

with this floor raised to 0.8 for data that includes guide offsets, more heterogeneous. 

This respectively excludes approximately 62.8% and 77.3% of solutions which are the 

furthest from the player consensus and pareto optimality. We refer to the remainder as 

high-quality solutions. 

 

8.7 Expert experiments 

Not all solutions are created the same, some solutions are submitted by players that 

have just started playing, and others by players that have been playing hundreds of 

puzzles.The assumption is that experts that have played the game more often will 

become better at the game and submit solutions that contain learnt strategies that will 

be more beneficial for realignment. Expert solutions are defined as solutions that have 

been submitted by the top 10% of players who have submitted the most solutions. We 

test removing all expert solutions, as well as removing an equal amount of random 

solutions from the same puzzles as expert solutions. Removing expert solutions gives 

us a compound metric of 50.0, while removing random solutions yields a compound 
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metric of 43.9. By dividing the two, we get the 14% drop in evaluation metrics, 

supporting our hypothesis. It should be noted that despite this drop, BLS still 

outperforms all benchmarks.

 
Variations in the phylogeny performance for different filtering variations. In a, we show the results 

associated with less data, and in b, we show the impact of changing various hyperparameters in the 

filtering process. Note that due to the heavy computational cost of rerunning everything, the experiments 

presented in a were done with limited sampling. 
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9. Sequence Consensus 

9.1 Aggregation of puzzle solutions 

 

Before being passed to the realignment pipeline, puzzle solutions are processed and 

inserted into a dataframe which we refer to as mapped_guide. The mapped guide's 

objective is to keep track of each nucleotide's positions for each sequence after being 

processed. It does not refer to the original sequence, or the guide. For the solutions 

corresponding to a puzzle with an offset, guide positions are adjusted - either by shifting 

left or right. If a single solution has an 'A' in column 50 of sequence 1234, it will record 

the occurrence. Thus, for every column, of every sequence, there is a dictionary 

resembling {A: 0, C: 0, G: 0, T: 0, -: 0} which keeps track of all occurrences across all 

solutions. 

 

The mapped_guide is then processed and put in a 3-layer dictionary data structure. 

Each key of the first dictionary is a sequence ID, in the second dictionary the keys are 

positions, and in the third one the keys represent nucleotides, with final values being the 

count of the corresponding nucleotide in the corresponding position of the 

corresponding sequence. For each sequence, a range of positions corresponding to a 

substring of that sequence is used for the next steps; the range being from the smallest 

position with solution information up to the highest position with solution information 

(tails from both ends with no solution information are discarded). For positions inside 

this range that don’t have puzzle solution information available, a consensus from the 

PASTA alignment is used. Additionally, at each position optional extra information 

based on the secondary-structure (RFAM alignment consensus) can be added too. 
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Processed puzzle solutions are prepared for use in the realignment pipeline at the first step of it: 

nucleotide counts are normalized, consensus ranges are determined and slots with no information are 

filled with default (PASTA), and optionally structural information is added. 

9.1.1 Normalization 

The count of nucleotides is normalized to prevent bias towards regions which received a 

higher number of solutions. For example, if two positions have the same dominant 

nucleotide A with 90% of the solutions contributing to it, but the number of solutions 

attributing the first position is 10,000 while the second one only gets a count of 100. In 

this situation, without normalization, the sequence alignment algorithms almost always 

favor matching a nucleotide with the first position (score = 10,000 vs score = 100) even 

if it creates a rippling effect of mismatches in the entire sequence. With normalized data 

however, both positions get the same score (score = 0.9): each position’s nucleotide 
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counts are divided by their sum, giving us a normalization of the count. 

 

9.2 Recreating sequences from puzzle solutions 

This step is performed on each sequence individually. Each sequence’s nucleotide 

positions’ information is separated and then used to align the sequence. The resulting 

alignment between the sequence and the information extracted from the puzzle 

solutions is referred to as the realignment. 

9.2.1  Aligning the sequence with the puzzle information profile (votes 

array) 

Our first approach was to compute a realignment using a voting system. We consider 

each annotation from each puzzle solved by each player as a vote. In our old method, 

we used a combination of dynamic programming and backtracking to choose the 

position of gaps and nucleotides in a sequence in a manner that would maximize the 

alignment score between the resulting sequence and the votes. One of the 

shortcomings of this approach was that due to its time complexity, it limited us to short 

segments of the sequences (of length <15). We then needed an extra step to merge 

these segments into full sequences. The short segment length and the merging step 

added unwanted biases into our pipeline that would lead to the final MSA not having the 

desired quality. 

 

To improve upon the described method, the idea was to enable manipulation of the 

sequence at its full length. We achieved this with a compromise between Needleman-

Wunsch and the voting system. In our new method, we first remove all of the gaps in a 

sequence. We then align the no-gap-sequence and a list of dictionaries - which we refer 

to as the votes array - together, optimizing the following function: 
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where i and j are indexes in subsequence s and votes array v which is a vector of 

dictionaries of votes (for example: v_{47}= {A: 40, C:25, G: 10, T: 10, -: 15} where - is a 

gap). At each step, the algorithm makes a choice between:  

● Assigning the current initial sequence position (held by the vector of votes) to the 

current realigned sequence position (which receives a score corresponding to the 

vote for that base at that position) 

● Adding a gap to the sequence (a scenario which is already considered in the 

vote) 

● Adding a gap into the vector of votes. A gap in this context indicates that we 

decide to not use the dictionary of votes in that position, because it would lead to 

a better alignment if matched with a farther position . We tried different penalties 

for this choice, and because votes are normalized to be out of 100, intuitively -25 

was a good choice which was further solidified by our experiments. 

The logic behind this algorithm is that the players are suggesting gaps to add, and we 

are determining how to adjust the original sequence in a way that is most compatible 

with player opinions. 

 

(See figure below) 
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10. Puzzle-informed Realignment 

We have tried to keep our approach towards realignment a simple yet effective one, in 

order to put more emphasis on the contextual meanings of the players’ decisions. The 

annotations are irregular in coverage and include holes, and we start the realignment 

pipeline by addressing these issues in the context of preparing our input (See figure in 

9.1). We proceed by using the annotations to modify each sequence, creating a MSA, 

and finally performing post processings to polish our produced alignment. 

Depiction of Puzzle informed realignment: each sequence is aligned with corresponding data. Among 

optimal alignments, the one closer to all others is chosen as the representative for that sequence; in case 

of ties, alternative representatives are weakly aligned with other sequences’ representatives and a choice 

is made based on Sum of Pairs score of the weak alignment of representatives. 

10.1 Alignment Reconstruction 

Backtracking is performed identically to the Needleman-Wunsch (NW) algorithm’s 

backtracking (Needleman and Wunsch 1989). The pointers for the argmax of the above 

optimization are recorded inside a 2D array called path with the same shape and size 

as the dynamic programming table with a list for each entry. When backtracking, the 

realignment is reconstructed by looking at the pointer in the path array (or choosing one 

of them based on some criteria), starting from the last cell (usually the bottom right 

which represents the full alignment of the subsequence with the votes array). 

 

In our experiments, a noticeable number of entries in the path array tend to have more 

than one argmax. We have observed that there are numerous possible reconstructions 

https://paperpile.com/c/A0ASzb/djin
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of the realignment available when backtracking the dynamic programming table for 

alignment reconstruction. Therefore, we have explored 3 different backtracking ideas. 

 

10.1.1 Path order preference 

In this backtracking mode, a preference of the pointers to be chosen is provided as an 

input, and in the backtracking process if an entry of the path array has more than one 

direction pointers (equal scores in both directions), they are chosen based on the 

preference provided.  

 

10.1.2 Sampling and Consensus 

Our next idea for backtracking was to reconstruct all of the realignments. Initially, we 

had many possible realignments, but reconstruction of all possibilities was not feasible 

due to the very long run time of the related algorithms. Therefore, we decided to use 

sampling to reconstruct some of the possible realignments. To achieve this, we ensured 

each realignment has a uniform probability of being sampled. Realignments are then 

sampled based on a modified version of the original NW reconstruction, which randomly 

chooses one of the many possible paths. 

 

After further investigations of the optimization objective, adding a penalty for gap 

insertions in the votes array, and filling in the empty positions with PASTA information, 

the number of possible realignments decreased to a degree that enabled us to 

reconstruct all of the possible realignments; to which we refer to as the consensus 

reconstruction method. The consensus method has been our standard approach for 

reconstruction since its conception. 

 

10.1.3 Representative choices and adjustments 

Given that a sequence can produce multiple valid realignments, we need to choose one 

of them to be the final representation. Therefore, we construct a Levenshtein distance 

(Young, Faris, and Armogida 2021) matrix from the list of realignments, calculating the 

relative distance of each realignment to others. A low Levenshtein distance indicates 

that two realignments are very similar, thus the realignment with the lowest matrix row 

sum acts as a representative which most resembles all other possible realignments. 

This process is repeated for each individual sequence. 

 

Despite the further refinement by choosing representatives, we may confront cases 

where there are multiple viable representatives. If there are only two realignments, they 

https://paperpile.com/c/A0ASzb/hoBA
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will share the same sum Levenshtein distance. Our final method for selecting 

realignments is optimizing sum-of-pairs, which is the sum of the alignment scores for 

each pair of sequences in the MSA. Taking a random representative from each 

sequence, we construct a new base alignment, and calculate the sum-of-pairs score. 

Proceeding this, a random sequence with more than one valid option replaces its 

current representative with another. Sum-of-pairs is calculated again, and if the score 

improves, the new representative is kept. This repeats for each sequence, and the full 

process is repeated 5 times. Ideally we would consider every possible combination of 

representatives for every sequence, yet if only a third of the sequences had a single 

alternative representative, that would yield 2^3333 combinations, which simply isn't 

feasible. Despite the seemingly random approach, this method proves to be very 

effective at getting consistent results. 

 

Another idea we have applied to increase the coverage of the realignments is to allow 

for flexibility when choosing the representative. This is done by giving leniency to allow 

realignments with a sum Levenshtein distance within a certain range of optimality to 

also be included as representatives. 

 

10.2 Aligning the sequences together to form a MSA 

Because sequences are realigned individually, final realigned sequences have uneven 

lengths (which does not constitute an alignment), Therefore, to create a well defined 

Multiple Sequence Alignment, first we tried the Length-based MSA construction method, 

and later on it was replaced by the Progressive Alignment method. 

 

10.2.1 Length-based MSA construction 

Originally, we corrected the varying sequence lengths using a growing profile alignment. 

The sequences were sorted based on their length from longest to shortest, processed in 

order, and added to a single profile. Gaps were added to each sequence to ensure the 

sequence is the same length as the longest sequence, using a profile alignment. This 

would align the profile of the set of previously aligned sequences, with the target 

sequence, and the resulting aligned sequence would be added to the profile at the end. 

This process would repeat until all sequences were the same length. While a quick and 

effective method, we realized this caused an unhealthy bias towards the longest 

sequence, causing two similar sequences to possibly align poorly based on what was 

already dictated by the profile. 
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10.2.2 Progressive Alignment 

 

 
Representatives are aligned together using a Profile Alignment Algorithm. The result is an unrefined 

Multiple Sequence Alignment. 

 

We introduced a progressive alignment to address the bias produced from the Length-

based MSA construction, and to ensure gaps are placed in the ideal positions. The 

progressive alignment finds the two most similar sequences, and aligns them to ensure 

they are the same length. Once they are aligned, they create a profile which will be 

expanded on below. Decisions are made using a combination of standard Levenshtein 

distance, and an alternative Levenshtein distance designed for profiles. 

 

The distance between every sequence is calculated using standard Levenshtein 

distance to construct a Levenshtein distance matrix. We also experimented with 

hamming distance with mixed results. The lowest point in the matrix reveals the two 

closest sequences, which are then aligned. If they are the same length, they are simply 

grouped together, if not, the shorter sequence is subjected to a profile alignment. Once 
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two sequences are the same length, they form a profile. The newly formed profile then 

calculates its distance from every other sequence. If neither sequence was changed, 

then the distance from the profile to another sequence is the sum of the distance from 

each individual sequence in the profile halved. However, if a sequence has been 

adjusted, then distance must be recalculated. 

 

Typically, Levenshtein measures the distance between two strings, in this case, 

sequences. Normally if two characters are identical they are worth 0, otherwise 1, yet a 

profile contains two or more sequences which introduces more variables. Our modified 

Levenshtein calculation utilizes a profile alignment, attempting to optimize the following 

function: 

 

 
where alpha_i and beta_j are the normalized vectors containing the count of nucleotides 

for the given column. A single sequence may have the nucleotide 'A' for a given column, 

while a profile may have three nucleotides ('A', 'C', 'C'). Thus, the distance for the 

individual column would be 1 - (1*0.33 + 0*0.66) = 1 - 0.33 = 0.66 

 

Now that we have established a method for calculating the Levenshtein distance of a 

profile, we calculate the distance to every remaining sequence. We remove the two 

sequences used to create the profile from the Levenshtein distance matrix, and insert a 

single new instance for the profile. The process is then repeated, selecting the pair with 

the lowest Levenshtein distance, and combining them to create a profile. For each 

iteration the distance matrix is reduced by one, gradually grouping sequences based on 

similarity. Eventually profiles will be merged together. Should a profile be subjected to a 

profile alignment, adding a gap to a column adds a gap to every sequence in the profile. 

After several iterations, the final result is a single profile containing all sequences at the 

same length. 
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10.3 Postprocessing 

 
The unrefined MSA at the end of the Progressive Alignment step is then subjected to ‘Postprocessing’: 

Each sequence is taken out of the alignment, has its gaps removed and reinserted based on the profile of 

the alignment without that sequence. After a few iterations, the full alignment becomes more homogenous 

and is outputted, and the realignment pipeline concludes. 

 

Now that we have a valid MSA, there are some undesired artifacts. These artifacts 

consist of mostly off-by-one errors where we see, for example, half the sequences with 

two consecutive characters being gap, A, and the other half having A, gap for the same 

two columns. 

 

Our postprocessing algorithm calculates the normalized distribution of nucleotides per 

column to construct a consensus. Each individual sequence is then stripped of all gaps, 

and undergoes a profile alignment to the consensus which assists synchronizing 

sequences and aligning gap regions. This process cycles four times, as we saw results 

start to stabilize after that, and then columns that are only gaps are removed. This post-

processing can also be performed on an alignment with no player solutions, which 

improved upon Pasta on every observed metric, and yielded a new objective for us to 

surpass with player solutions. 

 

 

 

 

 

 

 

 

 

 



 

43 

11. A game changer for citizen science 

 

While Borderlands Science is building on the innovation and success of groundbreaking 

first generation citizen science games such as Foldit (Cooper et al. 2010), EteRNA (Lee 

et al. 2014), Eyewire (Raposo 2015), Phylo (Kawrykow et al. 2012), and standing on the 

shoulders of more recent game-embedded projects such as Project Discovery (Leifsson 

and Bjarkason 2015), it is fundamentally different from its predecessors. The number of 

participants were retrieved from online news articles, which tended to provide more 

recent/up to date numbers than academic articles. Please note that we tried to find the 

public number closest to three years after release, but we had to approximate in some 

cases. 

● https://biobeat.nigms.nih.gov/2014/07/meet-rhiju-das/ 

● https://techcrunch.com/2015/05/01/eyewire-is-making-neuroscience-research-

cool-again/ 

● https://www.redbull.com/int-en/eve-online-project-discovery-interview 

● Digre, A. and C. Lindskog, The Human Protein Atlas-Spatial localization of the 

human proteome in health and disease. Protein Sci., 2021. 30(1): p. 218-233. 

● https://www.ucl.ac.uk/news/2019/apr/mobile-game-can-detect-alzheimers-risk 

 

 
Monthly participation in Borderlands Science (phase 1), and comparison of player engagement in the first 

three years of some well-known citizen science games. 

https://paperpile.com/c/A0ASzb/PRKY
https://paperpile.com/c/A0ASzb/dnvi
https://paperpile.com/c/A0ASzb/dnvi
https://paperpile.com/c/A0ASzb/yy0l
https://paperpile.com/c/A0ASzb/X9eM
https://paperpile.com/c/A0ASzb/M1a1
https://paperpile.com/c/A0ASzb/M1a1
https://biobeat.nigms.nih.gov/2014/07/meet-rhiju-das/
https://techcrunch.com/2015/05/01/eyewire-is-making-neuroscience-research-cool-again/
https://techcrunch.com/2015/05/01/eyewire-is-making-neuroscience-research-cool-again/
https://www.redbull.com/int-en/eve-online-project-discovery-interview
https://www.ucl.ac.uk/news/2019/apr/mobile-game-can-detect-alzheimers-risk#:~:text=A%20specially%20designed%20mobile%20phone,than%204.3%20million%20people%20worldwide
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11.1 Finding citizen science participants in their natural habitat 

The difference in number of players in the first three years between citizen science 

games (CSGs) that are either embedded in a commercial game (Project Discovery, 

Borderlands Science), or designed and marketed as a commercial game 

(SeaHeroQuest), is significant.  

 

These numbers are evidence that it simply is much easier to find people who are 

interested in playing a citizen science game when interacting with the gaming world, 

than when interacting with the scientific world. And the more “gamers” a project is able 

to reach, the more players for the game.  

 

This explains why projects such as SeaHeroQuest, a game-first game app with strong 

reach thanks to the high quality of its gameplay and the support from Deutsche 

Telekom, as massive telecommunication corporation, and Borderlands Science, a 

game-first mini-game embedded in a mass market game with millions of players, were 

able to reach about 40 times more players than Phylo in their first three years of 

existence. 

 

11.2 Game-first design: A new paradigm for player attraction and 

retention 

But being able to reach a large pool of potential players, while it definitely helps, is not 

sufficient. A game presented like a “real” mobile game like SeaHeroQuest creates 

expectations. By “real” here, we mean that the experience of the game is not 

distinguishable for the user from the experience they would get in a game purely 

designed for the enjoyment of the player. This is what we refer to as game-first design. 

 

Similarly, a game element in a mass market game such as Borderlands 3, retailed at a 

retail price of $59.99 in the United States, comes with expectations. 

 

While we have observed one big driver of player participation is excitement to help 

science, a failure to meet these expectations of game experience quality would likely 

affect the motivation of the player to keep playing.  

 

It is difficult to compare player retention between different games, so we can hardly 

compare BLS to SeaHeroQuest on that front, but we can compare its retention against 

Phylo, a less gamified sequence alignment puzzle game (see main text discussion). It 

turns out that Borderlands Science displays much higher player retention, with players 

completing significantly more tasks than in Phylo. 



 

45 

 

We believe this is evidence that the ultra-gamification of Borderlands Science served its 

purpose, and that the mini-game fulfills the expectations created by its environment and 

does not break immersion for players. 

 

In conclusion, we cannot simply copy and paste a scientific task inside a AAA game and 

expect success; it comes with a demanding gamification process, but correctly 

undergoing this process unlocks a reach ability that is not available to standard citizen 

science games. 

 

 
Game-first design: we present the concept of game-first design for citizen science 

games. A game-first CSG is primarily a game with scientific elements added, as 

opposed to the typical problem-first CSG design in which a scientific task is gamified. 

11.3 On the resource intensiveness of Borderlands Science  

It goes without saying that the methods Borderlands Science are compared to in this 

study are less resource intensive. The overhead cost to obtain Borderlands Science 

alignments is significant, between the talks with the game producer, the development of 

the game, the setup of the technical pipeline and the monitoring and processing of 

player solutions. However, the alignment presented here is not the only product of 

Borderlands Science. While the output alignment is the main result, the vast amounts of 

player data can be leveraged to train agents to mimic human strategies, such that these 

results can be useful in improving different alignments. Moreover, the large amount of 

data dedicated to this project allowed for the exploration of a paradigm change, by 

building a citizen science game as a collective quest to resolve one large problem 

through incremental tasks, rather than separate tasks as is typically done in CSG, It 



 

46 

also allowed a thorough investigation of the relationship between coverage and output 

alignment quality. Additionally, there is still a lot to unearth about how gamers play 

puzzle games, but there are few publicly available datasets of this type detailing the 

gameplay of millions of players. All the Borderlands Science player solutions are openly 

accessible and will be released as a Kaggle dataset for maximum accessibility. 

 

But most importantly, demonstrating that a previously unseen level of gamification of the 

multiple alignment problem does not affect the relevance of player solutions to science, 

and demonstrating that embedding a citizen science game inside a fast paced mass 

market game can be done successfully, are two very significant achievements in the 

process of charting a course for the future of citizen science games..  

 

11.4 On the impact of online citizen science games on players  

With over 75% generation z, millennials and generation X engaging with mobile gaming, 

video games have reached the forefront of daily life for billions of people (Westcott and 

Arbanas 2021). The main enticing features of video games can be summarized in four 

components: the achievement aspect, interest in the rules and system, social 

connections, and the immersion aspect (Yee 2006). The achievement aspect can be 

interpreted as the desire to achieve flow, a concept from psychology describing a 

completely focused mental state achieved by a perfect level of challenge(Boyle, 

Connolly, and Hainey 2011). 

 

This challenge aspect, which appears to be central in enjoyment of games, can be 

thought of as a problem solving task that can take various forms, from a brick puzzle on 

a mobile game to a maze in an adventure role-playing game. This rising yearning for 

problem solving challenges from a community of billions of gamers comes at a time 

when scientific data needing annotations are rising exponentially faster than the ability 

of scientists to annotate them, especially in fields such as genomics.     

 

Citizen science games (CSGs) are initiatives that attempt to bridge the needs of the 

scientific community and those of the gaming community by producing games that 

provide an enjoyable challenge while providing useful scientific data. While the scientific 

impact of gamers on science through CSGs has been the focus of extensive 

study(Cooper et al. 2010; Lee et al. 2014; Waldispuhl and Blanchette 2014; Kim et al. 

2014; Leifsson and Bjarkason 2015; Hyde et al. 2016; Mutalova et al. 2023), the impact 

of CSGs on their participants is potentially even more significant, albeit understudied. 

 

Since CSGs constitute a relatively new field at 15 years old(Cooper et al. 2010), few 

studies have directly looked at the impact of CSGs on participants. However, that 

https://paperpile.com/c/A0ASzb/FsyWE
https://paperpile.com/c/A0ASzb/FsyWE
https://paperpile.com/c/A0ASzb/D5LDW
https://paperpile.com/c/A0ASzb/LxCw4
https://paperpile.com/c/A0ASzb/LxCw4
https://paperpile.com/c/A0ASzb/PRKY+dnvi+WcQkb+C8fRi+M1a1+IxIWI+F1T2
https://paperpile.com/c/A0ASzb/PRKY+dnvi+WcQkb+C8fRi+M1a1+IxIWI+F1T2
https://paperpile.com/c/A0ASzb/PRKY
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impact has been extensively studied in more general games-with-a-purpose (GWAP), of 

which CSGs are a sub-category focused on science discovery, in online citizen science, 

and in gaming. 

 

11.4.1 Impact of GWAP on participants 

The study of the impact of playing a game with a purpose can be seen as a combination 

of the impact of gaming and the impact of the non-gaming component (the purpose). 

Healthy video game use has been shown to improve sub-second time perception, 

switching and attentional abilities(Nuyens et al. 2019) as well as helping reduce stress 

and anxiety. The social aspect was also seen as important by gamers(Yee 2006). 

 

In parallel, numerous serious game studies have shown the potential of serious games 

as a learning tool for languages(Suh, Kim, and Kim 2010), sexual coercion 

awareness(Arnab et al. 2013), political science(Nishikawa and Jaeger 2011), 

nutrition(Peng 2009), history(Hess and Gunter 2013), and math(Ke 2008). 

 

These successes highlight the potential of integrating serious elements leading to 

positive outcomes in gaming experiences. 

 

 

11.4.2 Impact of citizen science projects on participants 

The effects of participating in a citizen science project can be summarized in three 

categories: learning, attitudes and other benefits. 

 

Many studies have identified clear impacts of participation in a citizen science project on 

participants’ scientific knowledge, from increases in general scientific knowledge (such 

as understanding the nature of science) to project-specific information (Trumbull et al. 

2000; Brossard, Lewenstein, and Bonney 2005; Bonney et al. 2009; Ceccaroni and 

Piera 2016; Cronje et al. 2011; Wiggins and Crowston 2011). Studies focusing on on 

school–based settings have also identified positive impacts on learning (Perelló et al. 

2017). 

 

Several studies have also identified clear improvements in attitude towards science 

from participation in citizen science projects. This improvement of attitude towards 

science usually materialized as participants finding science less intimidating and 

exhibiting more trust towards the scientific process and scientists after participation. 

(Toomey and Domroese 2013; Walker, Smigaj, and Tani 2021; Bruckermann et al. 

2021; Brossard, Lewenstein, and Bonney 2005; Bonney et al. 2009; Haywood 2014)  

https://paperpile.com/c/A0ASzb/CCPyx
https://paperpile.com/c/A0ASzb/D5LDW
https://paperpile.com/c/A0ASzb/hvAjE
https://paperpile.com/c/A0ASzb/v12Bq
https://paperpile.com/c/A0ASzb/9YPK2
https://paperpile.com/c/A0ASzb/rCKO9
https://paperpile.com/c/A0ASzb/SIkgE
https://paperpile.com/c/A0ASzb/CmeLv
https://paperpile.com/c/A0ASzb/ahknn+GURTd+OZpax+fWCLc+lAXrP+Og0Gd
https://paperpile.com/c/A0ASzb/ahknn+GURTd+OZpax+fWCLc+lAXrP+Og0Gd
https://paperpile.com/c/A0ASzb/ahknn+GURTd+OZpax+fWCLc+lAXrP+Og0Gd
https://paperpile.com/c/A0ASzb/i3k8o
https://paperpile.com/c/A0ASzb/i3k8o
https://paperpile.com/c/A0ASzb/xt5n9+CtQLL+pb0jS+GURTd+OZpax+6r8EY
https://paperpile.com/c/A0ASzb/xt5n9+CtQLL+pb0jS+GURTd+OZpax+6r8EY
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Finally, other benefits include side-effects of participation in a project such as social 

interactions and health benefits (Vohland et al. 2021; Fitzpatrick et al. 2012), as-well as 

project-specific benefits such as improvement of physical health after participating in a 

project on physical activity (King et al. 2016). 

 

As more and more citizen science projects transitioned to an online setting in the 2010s, 

questions were raised about whether these findings transferred to projects held entirely 

online. A review study by Aristeidou and Herodotou confirmed the increased positive 

attitude and better understanding of the nature of science were maintained for online 

project, but project-specific knowledge was not clearly improved (Aristeidou and 

Herodotou 2020). Other studies further investigated attitude changes and confirmed 

improvements for online projects (Santori et al. 2021), one study even identifying this 

change as the most significant one in an astronomy-focused citizen science project (C. 

A. Price and Lee 2013).  The positive impact on attitude towards science was also 

confirmed in classroom projects involving purely online citizen science (Doyle et al. 

2019). 

 

As for other benefits, they were still present in online project, but different in nature. 

Instead of physical health benefits, improvements to digital literacy were observed 

(Aristeidou and Herodotou 2020). Additionally, the sense of community outcome 

identified in citizen science projects was still present online, but in a different form more 

similar to traditional gaming communities (Curtis n.d.) 

 

11.4.3 What this means for citizen science games 

We hypothesize that citizen science games have the potential to combine the positive 

impacts of games with regard to community and entertainment to the positive impacts of 

serious games centered around learning, and those of online citizen science centered 

such as attitude towards science. While there are few studies directly focusing on these 

effects, recent studies document circumstantial evidence of such a convergence. 

 

In her book Online Citizen Science and the Widening of Academia, Vickie Curtis 

describes the strength of the community that built around Foldit, where 80% of 

participants report reading or posting on the Foldit forum, and many participants report 

having built new friendships through the game. 

 

Moreover, several studies describe the motivations of CSG participants, and highlight 

motivation to help science as a central motivating factor (Curtis 2015; Díaz et al. 2020; 

Eveleigh et al. 2014; Iacovides et al. 2013; Jennett et al. 2016; Miller, Gandhi, and 

https://paperpile.com/c/A0ASzb/J3gBR+ZUMo8
https://paperpile.com/c/A0ASzb/ZCthn
https://paperpile.com/c/A0ASzb/Lu6gw
https://paperpile.com/c/A0ASzb/Lu6gw
https://paperpile.com/c/A0ASzb/ijGUz
https://paperpile.com/c/A0ASzb/53jKK
https://paperpile.com/c/A0ASzb/53jKK
https://paperpile.com/c/A0ASzb/PypB2
https://paperpile.com/c/A0ASzb/PypB2
https://paperpile.com/c/A0ASzb/Lu6gw
https://paperpile.com/c/A0ASzb/QY5pH
https://paperpile.com/c/A0ASzb/f6qVs+QE76E+YsZK6+0w2vt+Z0Pmg+ufZuj
https://paperpile.com/c/A0ASzb/f6qVs+QE76E+YsZK6+0w2vt+Z0Pmg+ufZuj
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Gander, n.d.). A consequent hypothesis is that this strong common aspect of motivation 

between gaming and non-gaming online citizen science projects indicates the positive 

consequence on attitude towards science identified in non-gaming online citizen science 

is likely to apply to CSGs, especially since informal science education in general has 

been shown to improve attitude towards science (Wulf et al. 2010; Sasson 2014; 

Nadkarni and Morris 2018) 

 

Nevertheless, it should be mentioned that the transition to gaming focused projects 

likely comes with caveats such as expectations of players regarding visual design, 

gameplay enjoyability and storytelling. Indeed, Tang and Prestopnik (2022) have found 

that CSG participants may stop playing due to disappointing visual design or subpar 

gameplay (Tang and Prestopnik 2023). Miller et al also report that CSG players have 

reported losing interest in some games that provided insufficient gamification, and 

recommend tailoring tasks to gamer preferences through working with professional 

game designers (Miller, Gandhi, and Gander, n.d.) 

 

11.4.4 Why are attitudes towards science so important? 

A recurring aspect of studies on the impact of participating in a citizen science project is 

the improvement of attitude towards science. We insist on this aspect because it has 

been identified as central in determining vulnerability to scientific disinformation. Indeed, 

studies have found trust in science to be best predicted by positivistic attitudes towards 

science (Wintterlin et al. 2022; Rofieq and Fauzi 2022),  and a quantitative study by 

Roberts, Reid and Norris found this relationship to be causal (Roberts et al. 2013). 

 

Recently, a new generation of game-first citizen science games designed as mass-

market games such as Sea Hero Quest (Hyde et al. 2016) or embedded in mass-

market games such as Borderlands Science, in Borderlands 3 (Waldispühl et al. 2020)  

have brought a new paradigm in reach for citizen science projects by enlisting millions 

of participants within a year of their release. 

 

Bringing online citizen science, which has been documented to improve attitudes 

towards science, to millions of people could be a game changer in the fight against 

disinformation. 

 

https://paperpile.com/c/A0ASzb/f6qVs+QE76E+YsZK6+0w2vt+Z0Pmg+ufZuj
https://paperpile.com/c/A0ASzb/m0shl+eVPPb+1mfMM
https://paperpile.com/c/A0ASzb/m0shl+eVPPb+1mfMM
https://paperpile.com/c/A0ASzb/JnKRb
https://paperpile.com/c/A0ASzb/ufZuj
https://paperpile.com/c/A0ASzb/KdBsy+R4E1w
https://paperpile.com/c/A0ASzb/7TQFz
https://paperpile.com/c/A0ASzb/IxIWI
https://paperpile.com/c/A0ASzb/AKSCz
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11.5 Exchanges with the players 

Through the Borderlands Science projects, we have had several opportunities to 

exchange with the players. Here are some links documenting these exchanges. 

Video trailer, played to players upon reaching the arcade machine in-game: 

https://youtu.be/L_mH6Ak_Ny0?si=_O0qYA__LYGHBMb1 

 

Blog posts (57,000 unique visitors in total), in chronological order: 

● Borderlands Science! https://dnapuzzles.org/2020/04/07/blog-post-1/ 

● Am I really helping by playing Borderlands Science? 

https://dnapuzzles.org/2020/04/13/am-i-really-helping-by-playing-borderlands-science/ 

● Borderlands Science: a peek at the data: 

https://dnapuzzles.org/2020/05/07/borderlands-science-update-a-peek-at-the-data/ 

● What we’ve been up to and what’s coming for Borderlands Science: 

https://dnapuzzles.org/2020/06/07/what-weve-been-up-to-and-what-is-coming-for-

borderlands-science/ 

● Decoding player submissions: identifying the best answers without knowing the right 

answer https://dnapuzzles.org/2020/07/08/decoding-player-submissions-identifying-the-

best-answers-without-knowing-the-right-answer/ 

● From Phylo to Borderlands Science: https://dnapuzzles.org/2020/08/17/from-phylo-to-

borderlands-science/  

● Not all mutations are equal https://dnapuzzles.org/2020/09/01/not-all-mutations-are-

equal/ 

● Towards a first takeaway from Borderlands Science - Phase 1 

https://dnapuzzles.org/2020/12/15/towards-a-first-takeaway-from-borderlands-science-

phase-1/ 

● Using puzzle solutions to aerate alignments https://dnapuzzles.org/2021/02/09/using-

puzzle-solutions-to-aerate-alignments/ 

● Would you like to know more? https://dnapuzzles.org/2021/05/25/would-you-like-to-

know-more/ 

● How to know these puzzles are right for you? https://dnapuzzles.org/2021/09/29/how-to-

know-these-puzzles-are-right-for-you/ 

● Insight from how humans play Borderlands Science 

https://dnapuzzles.org/2021/12/09/insights-from-how-humans-play-borderlands-science/ 

● Borrowing successful strategies from participants 

https://dnapuzzles.org/2022/04/07/insights-from-how-humans-play-borderlands-science-

2/ 

● When Borderlands Science meets Project Discovery: 

https://dnapuzzles.org/2023/11/13/when-borderlands-science-meets-project-discovery/  

 

Some Reddit AMAs (Ask Me Anything) presenting the first few blog posts: 

● https://www.reddit.com/r/borderlands3/comments/g0mh5n/faq_about_the_science_behin

d_borderlands_science/ 

https://youtu.be/L_mH6Ak_Ny0?si=_O0qYA__LYGHBMb1
https://dnapuzzles.org/2020/04/07/blog-post-1/
https://dnapuzzles.org/2020/04/13/am-i-really-helping-by-playing-borderlands-science/
https://dnapuzzles.org/2020/05/07/borderlands-science-update-a-peek-at-the-data/
https://dnapuzzles.org/2020/06/07/what-weve-been-up-to-and-what-is-coming-for-borderlands-science/
https://dnapuzzles.org/2020/06/07/what-weve-been-up-to-and-what-is-coming-for-borderlands-science/
https://dnapuzzles.org/2020/07/08/decoding-player-submissions-identifying-the-best-answers-without-knowing-the-right-answer/
https://dnapuzzles.org/2020/07/08/decoding-player-submissions-identifying-the-best-answers-without-knowing-the-right-answer/
https://dnapuzzles.org/2020/08/17/from-phylo-to-borderlands-science/
https://dnapuzzles.org/2020/08/17/from-phylo-to-borderlands-science/
https://dnapuzzles.org/2020/09/01/not-all-mutations-are-equal/
https://dnapuzzles.org/2020/09/01/not-all-mutations-are-equal/
https://dnapuzzles.org/2020/12/15/towards-a-first-takeaway-from-borderlands-science-phase-1/
https://dnapuzzles.org/2020/12/15/towards-a-first-takeaway-from-borderlands-science-phase-1/
https://dnapuzzles.org/2021/02/09/using-puzzle-solutions-to-aerate-alignments/
https://dnapuzzles.org/2021/02/09/using-puzzle-solutions-to-aerate-alignments/
https://dnapuzzles.org/2021/05/25/would-you-like-to-know-more/
https://dnapuzzles.org/2021/05/25/would-you-like-to-know-more/
https://dnapuzzles.org/2021/09/29/how-to-know-these-puzzles-are-right-for-you/
https://dnapuzzles.org/2021/09/29/how-to-know-these-puzzles-are-right-for-you/
https://dnapuzzles.org/2021/12/09/insights-from-how-humans-play-borderlands-science/
https://dnapuzzles.org/2022/04/07/insights-from-how-humans-play-borderlands-science-2/
https://dnapuzzles.org/2022/04/07/insights-from-how-humans-play-borderlands-science-2/
https://dnapuzzles.org/2023/11/13/when-borderlands-science-meets-project-discovery/
https://www.reddit.com/r/borderlands3/comments/g0mh5n/faq_about_the_science_behind_borderlands_science/
https://www.reddit.com/r/borderlands3/comments/g0mh5n/faq_about_the_science_behind_borderlands_science/
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● https://www.reddit.com/r/Borderlands/comments/lgawpa/borderlands_science_update_bl

og_a_peek_at_the/ 

● https://www.reddit.com/r/Borderlands/comments/gf9o2s/borderlands_science_update_a

_peek_at_the_data/ 

 

Conference talks discussing game design and feedback from players: 

● Challenges in designing scientific games, Gabriel Richard (Lead Designer), ISMB 2020, 

https://youtu.be/z6JsNUhc3xg?si=D1CBGsJ10zDNqCYH 

● The making of Borderlands Science, Gabriel Richard (Lead Designer), GLBIO 2023, 

https://youtu.be/rP0P2s2biuQ?si=hg14cnyLWe8iaAM1 

 

 

 

https://www.reddit.com/r/Borderlands/comments/lgawpa/borderlands_science_update_blog_a_peek_at_the/
https://www.reddit.com/r/Borderlands/comments/lgawpa/borderlands_science_update_blog_a_peek_at_the/
https://www.reddit.com/r/Borderlands/comments/gf9o2s/borderlands_science_update_a_peek_at_the_data/
https://www.reddit.com/r/Borderlands/comments/gf9o2s/borderlands_science_update_a_peek_at_the_data/
https://youtu.be/z6JsNUhc3xg?si=D1CBGsJ10zDNqCYH
https://youtu.be/rP0P2s2biuQ?si=hg14cnyLWe8iaAM1
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12. How can we evaluate alignments? 

One of the central challenges of the Borderlands Science project was to evaluate the 

results. While building, delivering and analyzing solutions to millions of DNA puzzles is 

difficult, we were able to rely on solid assumptions based on the previous work to guide 

us. 

 

However, when it comes to assessing the quality of the resulting alignment, things are 

suddenly a lot more complex due to the absence of an objective, universal method of 

determining the optimality of a multiple sequence alignment. This is especially true 

when the alignments we have to compare are extremely heterogeneous in their gap 

proportions, ranging from 175 to 800 columns 

12.1 What is a good alignment? 

Nevertheless, while we do not have access to a perfect evaluation method, we know 

what a high-quality alignment generally looks like. 

 

A high-quality multiple sequence alignment of homologous genomic sequences from the 

gut microbiome will tend to: 

● Have a high sum of pairs score 

● Be similar to manually curated state-of-the-art alignments of that family 

● Allow the inference of phylogenetic trees that resemble the state-of-the-art 

phylogeny of that family. 

● Appropriately separate taxa associated with different illnesses, behavior and 

profiles in the host. 

● Be compatible with the structural signature of the family, allowing the formation of 

the base pairs, RNA-protein and RNA-RNA interactions that are required for the 

RNA to fulfill its function 

 

It is based on this set of assumptions about what defines a high-quality multiple 

sequence alignment that we selected the evidence presented in the results section of 

the main text. 

  

12.2 A simple evaluation tool: sum of pairs 

We computed and reported the sum of pairs scores excluding heavily gapped columns 

for the main result and benchmark alignments. Gaps are excluded because we are 
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comparing alignments of the same sequences with widths ranging from the 100s to the 

900s. 

Method PASTA Post-proc 
PASTA 

MUSCLE MAFFT Greedy Borderlands 
Science 

KC 2193 1521 1772 1298 1246 1115 

Triplet (k) 86.6 73.4 101.4 80.9 80.2 52.2 

Compound 87.2 67.1 86.1 66.4 65.0 48.4 

Sum of pairs (B) 2.09 2.18 2.05 2.11 2.16 2.17 

Width 193 188 260 270 198 196 

Table 1: main results for sum of pairs and phylogeny, including sum of pairs scores and results for the 

BLS alignment 

12.3 Another simple evaluation: comparing to state-of-the-art 

alignments 

In the absence of a perfect metric, a good approach to quickly evaluate whether a 

multiple sequence alignment is reasonable is to refer to previous work. There are 

several well-maintained alignments of 16S rRNAs with different focuses. The 

Greengenes database focuses on gut microbiome sequences, and maintains two 

alignments: one built with ssu-align (Eric Paul Nawrocki 2009), and one built with 

PyNAST (Caporaso et al. 2010). The Rfam database (Kalvari et al. 2021) focuses on 

high-quality structural alignments built with infeRNAl (Eric P. Nawrocki and Eddy 2013) 

and maintains a high quality seed alignment of the 16S rRNA. 

 

Since the Rfam, Greengenes (Huber et al. 2006), and Borderlands Science alignments 

leverage different sequences, it is difficult to compare them directly, but one 

characteristic that can be assessed is the gap frequency. Indeed, in theory, the gap 

frequency in a multiple sequence alignment of homologous sequences should be 

somewhat representative of the insertion and deletion rate for that RNA region. In 

particular, since the V4 region of the 16S rRNA we are working with is strongly 

structured, the number of gaps in a perfect alignment should be relatively low. Thus, if 

Borderlands Science alignments are high-quality, we can expect its gap frequency will 

resemble those of state-of-the-art alignments. 

 

To verify this, for each of the Greengenes-pynast, Greengenes-ssu-align, Rfam, 

Borderlands Science, PASTA, MUSCLE and MAFFT alignments, we sampled 50 

https://paperpile.com/c/A0ASzb/0oGD
https://paperpile.com/c/A0ASzb/Uesk
https://paperpile.com/c/A0ASzb/zEea
https://paperpile.com/c/A0ASzb/Isow
https://paperpile.com/c/A0ASzb/51p1
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sequences, removed fully gapped columns, and computed the mean number of gaps 

per sequence, repeating 1000 times. We obtain the following distributions: 

 

 

Figure 3: Evaluation of the alignment. 

a. Here, the gap density by column is shown for six different alignment methods. The x axis corresponds 

to the alignment position, and the color to log gap frequency at this position. Highly gapped columns were 

excluded so all alignments could be of the same length. 

b. Gap frequencies observed in BLS and other methods, averaged from sampled sub-alignments of 50 
sequences. The box plot shows an overview of the distribution. The three horizontal lines in the box, from 
top to bottom, show respectively the boundaries for the upper quartile, the middle quartile, and the lower 
quartile. The total height of the box represent the inter quartile range (IQR). The whiskers are located 1.5 
times the IQR from the ends of the box. The dots outside the whiskers are the outliers. Note: one outlier 
point for the rightmost distribution, pynast, with a value of 124, is not shown on the plot but considered in 
the statistics shown.  
 

c. Compound distance to the reference Greengenes tree. That compound metric is obtained as a scaled 

average of the Kendall-Colijn and Triplet distance. More detail in Supp Mat sections 12(ab), 13(c) 
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12.4 Evaluation via phylogeny 

A central application of multiple sequence alignments in the context of the microbiome 

is for phylogeny-related applications. Indeed, a key factor for identifying associations 

with the gut microbiome is diversity, which requires an accurate phylogeny. 

 

We detail how we evaluate the accuracy of Borderlands Science phylogeny in section 

13.  

12.5 Evaluation via effect sizes 

The data presented in BLS puzzles comes from the American Gut Project, a collection 

of stool samples associated with extensive metadata (see section 1). A main objective 

of a deep analysis of this data should be the ability to accurately separate samples 

between donors with different metadata, such as young people and old people, people 

with diabetes from others, etc. Being able to accurately differentiate samples associated 

with behaviors and illnesses can enable the microbiome as a personalized medicine 

diagnosis down the road. 

 

This association is tested by computing effect sizes of specific phylogenies on uniFrac 

distances, which measure how separated different sets of taxa are within a phylogeny. 

We report the specifics of the methods and the results of this computation in section 14. 

12.6 Structure analysis  

 

Finally, the last piece of evidence we include in the study is the structural aspect of the 

alignment. Indeed, an alignment of a strongly structured RNA region should be able to 

form the required base pairs and intermolecular interactions. We assess whether that is 

the case for our alignments by mapping them to the Rfam structural alignment, 

assessing how many nucleotides are excluded from mapping the full alignment to a 

150-column alignment, and observing how well BLS alignments conform to structural 

models of the 16S rRNA. We detail this investigation in section 15. 
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13. Evaluating alignments via phylogeny 

 

We use phylogeny as a proxy to evaluate the quality of our alignments compared to 

various benchmarks. We then look at similarity to a state of the art built with SEPP and 

Greengenes. To make sure we identify the main features of the relationships between 

alignments and trees, this analysis is performed on the 9,667 cluster representatives 

used in the puzzles, rather than the full dataset of nearly one million sequences. The full 

dataset is however used in the effect size computations in section 14. 

 

For each alignment output generated by our pipeline, we use FastTree (Young, Faris, 

and Armogida 2021; M. N. Price, Dehal, and Arkin 2010) to build a phylogeny that we 

can then compare to state of the art phylogeny such as Greengenes (Huber et al. 

2006). 

 

We used FastTree with the -fastest, -gamma and -spr 4 arguments for all our 

experiments.  

 

13.1 Similarity to Greengenes Phylogeny 

First, a reference tree is built by placing all the cluster representative sequences into a 

Greengenes 13.8 (Huber et al. 2006) phylogenetic tree using SEPP(Janssen et al. 

2018), (Huber et al. 2006; S. Mirarab, Nguyen, and Warnow 2012) , then removing all other 

tips, and rerooting the tree for archaea. SEPP provides us with the most accurate 

estimation of what the phylogeny tree should look like given exterior knowledge, as 

rather than building a de novo phylogeny, we are placing our cluster representatives 

(9,667 tips) into an existing phylogeny of full length 16S rRNA sequences. We use the 

similarity to this tree as information about the quality of de novo phylogenies generated 

by our alignments: a de novo phylogeny estimated from an alignment that would be very 

similar to this reference tree would indicate that the alignment does a better job than 

others at organizing the sequences in a way that is more representative of what we 

know of their evolutionary relationship. 

13.1.1 Kendall-Colijn Distance 

Kendall-Colijn distance (Kendall and Colijn 2016) is a metric-based method for 

comparing trees which extracts distinct alternative evolutionary relationships embedded 

in data. It was designed specifically for situations where trees were too distinct for 

Robinson-Foulds distances (Robinson and Foulds 1981) to work as intended. This 

algorithm takes as input two rooted trees with identical sets of tip labels, and compares 

https://paperpile.com/c/A0ASzb/hoBA+S1ni
https://paperpile.com/c/A0ASzb/hoBA+S1ni
https://paperpile.com/c/A0ASzb/51p1
https://paperpile.com/c/A0ASzb/51p1
https://paperpile.com/c/A0ASzb/51p1
https://paperpile.com/c/A0ASzb/zhwT
https://paperpile.com/c/A0ASzb/zhwT
https://paperpile.com/c/A0ASzb/51p1+y1G8
https://paperpile.com/c/A0ASzb/ft2u
https://paperpile.com/c/A0ASzb/zctf
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the placement of the most recent common ancestor of each pair of tips. This placement 

is calculated using a combination of both distance from the root, as well as the number 

of edges between the most recent common ancestor and the root. Unfortunately, at this 

time previously published implementations of Kendall-Colijn in Python and R only 

support trees with up to 400 tips, therefore we sampled 400 random tips from both 

phylogenetic trees, removed all others, and calculated the Kendall-Colijn distance. This 

process was repeated 100 times to obtain an average, for each test. 

 

13.1.2 Triplet Distance 

The rooted triplet distance (Ranwez and Gascuel 2002) calculates the structural 

dissimilarity of two phylogenetic trees by counting the number of rooted phylogenetic 

trees with exactly three leaves that occur as embedded subtrees in one, but not both of 

them. Similar to Kendall-Colijn, the triplet distance is not designed to handle a tree with 

9667 leaves. Due to its high time complexity, we randomly sample 100 tips from both 

phylogeny trees, remove the others, and use the resulting smaller tree for our triplet 

calculation. This is performed five times to obtain an average score. 

 

13.1.2 Compound metric 

Because the Kendall-Colijn and Triplet distances are on different scales, we designed a 

compound distance that combines the two in a simple-to-compute but fair average. Its 

formula is (𝐾𝐶 ∗  40 + 𝑇𝑟𝑖𝑝𝑙𝑒𝑡)/2000 , and it yields a value roughly between the 40s 

(very good) and the 90s (very bad). This formula was obtained by computing the ratio 

between distributions of Kendall-Colijn distance values and distributions of Triplet 

distance values. 

 

 

Method PASTA Post-proc 
PASTA 

MUSCLE MAFFT Greedy Borderlands 
Science 

KC 2193 1521 1772 1298 1246 1115 

Triplet (k) 86.6 73.4 101.4 80.9 80.2 52.2 

Compound 87.2 67.1 86.1 66.4 65.0 48.4 

Sum of pairs (B) 2.09 2.18 2.05 2.11 2.16 2.17 

Width 193 188 260 270 198 196 

Table 1: Main results for phylogeny, with kendall-colijn and triplet distance means 

https://paperpile.com/c/A0ASzb/9pN9
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13.3 Unused common metrics 

In the process of identifying the best metrics to compare our methods to off-the-shelf 

software, we examined several state-of-the-art methods for comparing trees. In this 

section, we describe two methods that we ended up not including in the main text, 

despite them being common in literature. 

13.4.1 Robinson-Foulds distance 

The Robinson-Foulds distance (Robinson and Foulds 1981) is defined as the sum of 

splits between two trees. In other words, it is the sum of the data partitions that are in 

tree A but not in tree B, and the partitions that are in tree B but not in tree A. The 

Robinson-Foulds metric is useful for trees that are fundamentally similar near the root 

and diverge in their leaves. However, when comparing trees that are not very similar, it 

will tend to saturate quickly with relatively similar trees being quickly assigned near-

maximal distances. This is what happens with the data used in this project; nearly all 

comparisons yield normalized RF distances over 0.9. We have thus decided not to 

include it in the results shown in the main text. 

13.4.2 Mantel test 

The Mantel test (Mantel 1967),(Diniz-Filho et al. 2013) is commonly used in comparative 

biology, namely to assess the correlation between the relative positioning of sets of tips 

in two trees. This test reports the correlation between two matrices of tip-to-tip distances 

for N tips present in two trees, and intends to assess how correlated the placement of 

the tips is between the two trees. 

 

However, its use for this purpose has been contested (Harmon and Glor 2010), and we 

have personally observed over the duration of the process that it seemed very noisy; 

the correlations observed were reacting very strongly to small changes in the tested 

alignments. It is possible that the combination of alignments, FastTree and the Mantel 

test added an extra layer of bias. We elected not to report Mantel test results for these 

two reasons. 
 

13.4 Are the phylogenetic trees different? 

To complement our quantitative investigation of phylogenetic distances, we also 

explored the overall appearance of the full trees generated from our alignments. These 

are extremely large trees, with over 900,000 tips, so they cannot be shown with 

precision, but QIIME2’s EMPRESS (Cantrell et al. 2021) tool is designed for displaying 

such large trees as well as it can be done For comparison, we show in this section the 

https://paperpile.com/c/A0ASzb/zctf
https://paperpile.com/c/A0ASzb/DG9v
https://paperpile.com/c/A0ASzb/jm0F
https://paperpile.com/c/A0ASzb/HyNn
https://paperpile.com/c/A0ASzb/GYJs
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EMPRESS output for Borderlands Science, MUSCLE, MAFFT, and the 

Greengenes+SEPP tree (see section 14) we use as a state-of-the-art benchmark. 

 

13.5 Phylogenetic distance as a primary optimization target 

We distinguish three different levels of analysis of alignments: the alignment itself, the 

phylogenies inferred from the alignment, and the phenotypes associated with the 

phylogeny. We discussed the alignment itself in the previous section, and discuss the 

phenotype (effect sizes) in the next section. 

 

Out of these three domains of evaluation, we chose to optimize on the phylogeny, 

because the alignments themselves had similar sum of pairs, and other evaluation 

metrics would have been too arbitrary, and because despite the American Gut Project 

data being the best dataset for this type of investigation,  it remains relatively limited in 

size, with about 20 thousand data points, and quite noisy from its nature of coming from 

forms filled by human participants, often remotely. As a consequence, we believe that 

using the phylogenetic signal, generated on plentiful data, and then evaluating on 

phenotypic data, is the best way to avoid overfitting. We are confident in this decision 

because we  know there is a well-established relationship between the quality of the 

tree and the effect sizes (Janssen et al. 2018), but by optimizing on tree metrics we 

https://paperpile.com/c/A0ASzb/zhwT


 

60 

avoid overfitting to the effect sizes. Additionally, out of all the trees we have tested, the 

one that performs the best on tree metrics is also the one that performs the best on 

effect sizes. 

 

13.6 Conclusion 

 

In summary, we have shown here that the Borderlands Science alignment generates 

well-behaved phylogeny that are closer to the state of the art than trees built with 

alternative de novo methods for phylogeny inference, shown that phylogenies obtained 

from different alignment methods are significantly different, and explained why we 

focused on distance from Greengenes to drive our optimization process. 
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14. Evaluating alignments via effect sizes 

14.1 Effect sizes computation 

The second method we used to test the biological outcomes linked to Borderlands 

Science alignment was to apply this information to large scale datasets of observations 

about patients the genomes featured in the project were sequenced from. To achieve 

this, we propagated the alignment of cluster representatives to the sequences of their 

respective clusters with a standard profile alignment, computed phylogenies for these 

large alignments of about 950,000 sequences with FastTree(M. N. Price, Dehal, and 

Arkin 2010). To assess effect sizes,  a feature table representing the American Gut 

Project data was obtained from redbiom(McDonald et al. 2019), filtered for blooms, 

rarefied to 1000 sequences per sample, and unweighted UniFrac distances(Lozupone 

and Knight 2005),(Pilles 2018) were computed for each tree (e.g., the BLS tree, 

alignment benchmark trees, and the SEPP fragment insertion tree. Pairwise effect sizes 

were then calculated with Evident (Rahman et al., n.d.) on the distance matrix using 

Cohen’s d distributions (Pilles 2018; Lewontin and Cohen 1969) for each tree. 

 

Our benchmark for an upper bound performance of effect sizes for this dataset is 

obtained with a SEPP-placed tree, once again obtained from placing sequences into 

existing phylogenies from Greengenes. It should be noted that this tree is different from 

the other reference tree discussed in section 13. The tree in section 13 only contains 

9,667 cluster representative tips, as the comparison methods fail on very large trees. 

Since effect sizes scale very well with data size, for the tests in this section we use a 

reference phylogenetic tree with all tips overlapping between the Borderlands Science 

dataset (945,000) and the American Gut project data we measured the effect sizes on. 

 

We report effect sizes for all variables available in our dataset with at least two 

categories associated with minimum 50 samples, which adds up to 74 variables. We 

report absolute effect sizes, and delta effect sizes against SEPP. 

14.2 Effect size results 

The effect sizes for all variables are displayed on the next page. In the average of effect 

sizes over all variables, BLS slightly outperforms the rest of the field. The highest effect 

sizes for Borderlands Science are: 

● Teeth brushing frequency 

● Cdiff (prior C. difficile infection) 

● Antibiotic history 

https://paperpile.com/c/A0ASzb/S1ni
https://paperpile.com/c/A0ASzb/S1ni
https://paperpile.com/c/A0ASzb/Ljam
https://paperpile.com/c/A0ASzb/Lv5R
https://paperpile.com/c/A0ASzb/Lv5R
https://paperpile.com/c/A0ASzb/xcTd
https://paperpile.com/c/A0ASzb/wP1z
https://paperpile.com/c/A0ASzb/xcTd+92bD
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● Vegetable frequency 

● Country 

 

The highest effect sizes for SEPP are  

● Cdiff (prior C. difficile infection) 

● Acne medication 

● Multivitamin 

● Alcohol consumption 

● Country 

 

For more information about the variables, see Section 1. 

14.3 Effect size benchmark against SEPP 

The variable-by-variable comparison between Borderlands Science and SEPP is shown 

two pages down. Borderlands Science outperforms SEPP on 49 of the 75 variables 

studied. The variables that are most improved are teeth brushing frequency, diabetes, 

types of plants, antibiotic history, alcohol frequency, vegetable frequency, irritable bowel 

disorder, kidney disease, bmi category, and small intestinal bacterial overgrowth. Out of 

these 10 variables, four are illnesses, and the others have previously been directly 

linked to human digestive health. 

14.4 Significance 

To back up our effect size results by checking if they could be the result of the 

distribution of categories for a given variable within our samples, we ran a Mann-

Whitney U test between our results and results obtained from shuffled metadata. We 

repeated this process four times and presented results in the figure on page 66. 

14.5 A note about effect sizes on MAFFT and MUSCLE 

Computing effect sizes is computationally expensive: the whole process takes up to 3 days 

even on a powerful computer, and it occupies 50 to 100 GB of memory. For this reason, we 

were not able to compute effect sizes on dozens upon dozens of alignments. Thus, while we 

have a good understanding for how effect size results for BLS vary with changes to the 

alignment, and how SEPP effect sizes vary with the input (Janssen et al. 2018), our 

understanding of the impact of variations in parameters of MAFFT and MUSCLE on effect size 

results is imperfect. In this context, we erred on the side of caution by indicating the best results 

for effect sizes from benchmarks MAFFT and MUSCLE among the different versions of the 

alignment we have tested, in order to avoid under-representing the true performance of these 

software. 

https://paperpile.com/c/A0ASzb/zhwT
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Pairwise UniFrac 

effect size results on 

Borderlands Science 

(BLS), SEPP + 

Greengenes, BLS 

with offset guide data 

(offsets), greedy 

player simulated 

game data, PASTA, 

PASTA with BLS 

post-processing 
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MUSCLE, on 74 

metadata variables. 
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blue lower than 
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Per-variable difference between Pairwise UniFrac effect size   

results on Borderlands Science and SEPP+Greengenes, on 74 

metadata variables. 

 

The result shown represents BLS_effect_size - SEPP_effect_size, for 

each variable. 
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Alignment-to-alignment comparison of 

effect size distribution 

On this figure, we present comparisons of effect sizes 

distributions between BLS, SEPP, greedy player, 

PASTA, post-processing PASTA, MAFFT and 

MUSCLE. Each point represents a variable. The 

diagonal indicates that both methods are equal for that 

variable, and the distance towards one axis indicates 

how superior that method is for that variable. Colors 

correspond to the category of the effect size variable. 
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Effect size results as presented in the main text, with significance (see 14.4) 

14.5 Conclusion 

In this section, we have shown that the improvements identified in the alignments and 

phylogenetic trees from Borderlands Science over all benchmarks transfer to slight 

improvements in UniFrac effect sizes, especially compared to SEPP, despite the latter having 

been previously shown to outperform de novo phylogeny inference. 
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15. Evaluating alignments via structure 

 

15.1 The 16S V4 region structure 

The V4 region of the 16S rRNA is a hypervariable region that has been shown to 

provide resolution at the phylum level as accurately as the full 16S gene (Yang, Wang, 

and Qian 2016). 

 

This region is well-conserved and tends to have few indels, as its structure is important 

for RNA-RNA and RNA-protein interactions, namely with the proteins S8 and S15. 

 

This means we would expect a high quality alignment of genomic sequences from this 

region to have relatively few indels, but also many substitutions, due to the 

hypervariable nature of the region. (Van Der Pol et al. 2019) 

 

The rest of this section is dedicated to the investigation of how well our multiple 

sequence alignments satisfy these expectations. 

15.2 A ribosomal structure model 

The ribosome has been at the forefront of RNA structure modeling for nearly 50 years, 

with the first secondary structure models determined in the late 1970s. With decades of 

ribosome structure data, we now have access to large sequence alignments of bacterial 

rRNAs, and precise sequence conservation annotations for each position in the 

structure. 

 

In this section, we present a structural mapping of the Borderlands Science and 

benchmark alignments to the Rfam structure. This Rfam structure is itself mapped to the 

structural model on the Comparative RNA Web (Gutell Lab)(Woese et al. 1980; Gutell, 

Lee, and Cannone 2002), and we thus have expected nucleotide frequencies for each 

position of the structure: https://crw2-comparative-rna-

web.org/crw1_legacy/SAE/2A/nt_Frequency/index.htm 

 

 

 

 

 

 

 

https://paperpile.com/c/A0ASzb/AWVm
https://paperpile.com/c/A0ASzb/AWVm
https://paperpile.com/c/A0ASzb/M4Io
https://paperpile.com/c/A0ASzb/wUhk+xNwe
https://paperpile.com/c/A0ASzb/wUhk+xNwe
https://crw2-comparative-rna-web.org/crw1_legacy/SAE/2A/nt_Frequency/index.htm
https://crw2-comparative-rna-web.org/crw1_legacy/SAE/2A/nt_Frequency/index.htm
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15.3 Mapping our alignments to structures 

We mapped four alignments to the structural model: BLS, PASTA(Siavash Mirarab et al. 

2015), MUSCLE(Edgar 2004) and MAFFT(Katoh 2002). Due to their narrowness, the 

BLS and PASTA alignments were easy to map, as only having to reduce from around 

190 columns to 151 meant nearly every single conserved Rfam column was also 

present in BLS and PASTA. Thus, this mapping was done by hand and is easy to 

reproduce. However, the same cannot be said for the MAFFT and MUSCLE alignments, 

which have over 800 columns. To avoid an arbitrary manual mapping, we adopted a 

process similar to the one we use in the BLS realignment pipeline (section 10), to map 

MUSCLE and MAFFT alignments to a version of the PASTA alignment filtered to 

remove the approx 40 columns that were not mapped to the structure. We opted for this 

since, unlike Rfam, this PASTA alignment has the exact same nucleotides as those 

from MUSCLE and MAFFT, potentially making the mapping easier. 

 

In order to map columns between two alignments, we created a profile from each 

alignment, and then used a Dynamic Programing algorithm based on a modification of 

the Needleman-Wunsch algorithm to align the two profiles together (see section 10). 

The DP method uses a SoP scoring scheme, and its difference with classic NW is that 

instead of two nucleotides at a time, it looks at two sets of nucleotides and calculates a 

match/mismatch score based on how common the nucleotides in the two sets are. 

While some columns might end up not being mapped to a column from the other 

alignment, it is possible to force all columns in the shorter alignment to be mapped to a 

column in the wider one.  

 

As a result of this mapping, we were able to compute the amount of information lost in 

the mapping, i.e. the number of non-gap nucleotides that could not be mapped to the 

structure. As a reminder, these alignments have 9667 sequences of length 150. 

 

Method PASTA BLS MUSCLE MAFFT 

Proportion unmapped bases  0.001  0.003  0.149  0.100 

Proportion of non-gap nucleotides lost in the mapping from the BLS and benchmark alignments to the 

structural Rfam alignment of the 16S v4 region 

 

What we can see from this table is that the mapping for both BLS and PASTA preserves 

over 99.8% of the information. It is not obvious whether it is better, here, to have 600 

unmapped nucleotides rather than 3200, as a nearly total absence of gaps is not 

necessarily a quality of a good alignment. One could argue that this table shows that the 

https://paperpile.com/c/A0ASzb/5jtf
https://paperpile.com/c/A0ASzb/5jtf
https://paperpile.com/c/A0ASzb/kdUq
https://paperpile.com/c/A0ASzb/ofSs
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Borderlands Science players may have identified about 3000 bases that were poorly 

aligned and moved them out of the columns that ended up being mapped to the 

structure. We investigate this hypothesis in section 15.4. 

 

However, in the case of MUSCLE and MAFFT, we can clearly see that the alignments 

are simply not successful for this analysis. Removing 15% of the bases in the structural 

mapping assumes a 15% indel rate which is not consistent with the literature that 

suggests a very low indel rate. 

 

15.4 A closer look: BLS and PASTA fidelity to model 

To investigate whether the changes brought to the PASTA scaffold by Borderlands 

Science players can be considered error corrections rather than errors, we extracted the 

position-wise difference between the two alignments. In other words, for each column of 

the structural alignment (excluding columns that were not mapped to the structure), we 

identified each sequence that was different between BLS and PASTA. 

 

Then, we assessed the frequency of the new nucleotide based on the structural model 

from the Comparative RNA Web(Woese et al. 1980; Gutell, Lee, and Cannone 2002). 

The objective was to assess whether the changes from PASTA to BLS bring the 

alignment closer to agreement with the structural model. We report the results on the 

following figure, on which green nucleotides mean that BLS changes are closer to the 

structural model, whereas red nucleotides mean PASTA is closer at this position. We 

observe that BLS is closer for most nodes, especially around regions associated with 

protein binding. (Yang, Wang, and Qian 2016; Serganov et al. 1996; Adilakshmi, Bellur, 

and Woodson 2008; Li, Ma, and Shapiro 2003; Nikulin et al. 2000) 

15.5 Conclusion 

In this section, we showed that the Borderlands Science and PASTA alignments were 

more compatible with the structural reality of the 16S rRNA V4 region than MAFFT and 

MUSCLE alignments, and that the changes between BLS and PASTA are generally in 

agreement with the CRW structural model. 

 

 

 

https://paperpile.com/c/A0ASzb/wUhk+xNwe
https://paperpile.com/c/A0ASzb/AWVm+27fN+4Fd8+hFpJ+tyK4
https://paperpile.com/c/A0ASzb/AWVm+27fN+4Fd8+hFpJ+tyK4
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Position-wise fidelity of the difference between BLS and PASTA. For each position, the nucleotides that 

differ between BLS and PASTA were compared to the nucleotide frequency of the CRW model. Positions 

identified to be significant functional sites are highlighted. 
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16. Understanding effect size results 

While UniFrac(Lozupone and Knight 2005) effect sizes provide valuable information 

about the usefulness of a phylogeny for the classification of human microbiome 

samples, its results are not always the most interpretable in the context of the 

phylogeny. 

 

In this section, we propose some avenues of analysis to better understand how the 

differences identified in effect size results can be identified in the tree architecture. 

 

16.1 Phylogenetic factorization of BLS and SEPP phylogenies 

To better understand which clades were contributing the most to the effect size results, 

we leveraged PhyloFactor(Washburne et al. 2019), a software that identifies greatest 

contributing factors to metadata from a phylogenetic tree and a table with abundance 

data. Due to the limitations of Phylofactor, we collapsed the trees from 174k tips to 

about 24k tips (the maximal capacity of the software), and performed phylofactorization 

on the BLS and SEPP trees, identifying the top 4 factors for 10 variables with the 

highest performance difference between BLS and SEPP, with 5 (in green) in favor of 

BLS, and 5 (in red) in favor of SEPP. More detail on these results can be found in 

section 14. 

 

We report the size and dominant phylogeny of each highlighted clade. Two cells of the 

same color within one table represent identical clades. 

 

 
 

We observe that the dominant clades seem to be quite similar for the red variables (the 

ones SEPP dominates on), whereas they are more distinct for the green variables. 

 

https://paperpile.com/c/A0ASzb/Lv5R
https://paperpile.com/c/A0ASzb/sUlC
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16.2 Comparison of effect size profiles 

We presented in section 14 detailed effect size results over 74 variables for 8 

alignments. The heatmaps help identify some similarity between the overall effect size 

profiles, but in order to clarify this similarity, we performed Principal Component 

Analysis on the 74-dimension effect size contribution and summarized it in three 

components to visually display the relative similarity between effect size profiles. 

 

On the following plot, two alignments are displayed in proximity when they tend to respectively 

perform well and poorly on the same variables.  

 

 
3D visualization of the Principal Component Analysis of the effect size performance profile for BLS 

alignments and benchmarks.  

 

We observe here that BLS, BLS with offsets, and PASTA are close-by. This suggests 

that the improvements made to PASTA by BLS players improved the performance of 
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the alignment without changing it massively, whereas the changes brought by the 

simulated greedy player were significant.  

Distribution of separation of tips in the BL and SEPP tree. In a, we show the distribution of log odds of the 

ratio of the splitting of tips between the two children, over the splitting of sequences overrepresented in 

samples showing daily teeth brushing. In b, we show the same distributions, but multiplied by the number 

of teeth-brushing relevant sequences affected, showing that while the two distributions are highly similar, 

the most surprising tips in BLS affect more sequences than their homologs in SEPP. 

 

16.3 Reflection of effect sizes in tree architecture (or vice-versa) 

The results presented in section 14 show an effect size difference of 0.2 between 

Borderlands Science and SEPP on teeth brushing frequency. A difference of this 

magnitude is surprising, as it more than doubles the values of the 73 other variables 

examined. 

To better understand how this difference in effect sizes reflects in the phylogeny, we 

highlighted ~9000 sequences that were vastly overrepresented (>10 standard deviations 

above per-sample mean) in samples from participants who brush their teeth daily. 

To understand how the sequences relevant to teeth brushing were distributed in both 

trees, we computed, for each internal node, the log odds of the ratio of the splitting of 

tips between the two children, over the splitting of the sequences overrepresented with 

daily teeth brushing. The distribution we obtained was similar between BLS and SEPP 

(See left panel of figure). However, multiplying the ratio by the number of teeth 

brushing-associated sequences at each node shows different distributions (see right 

panel of figure). 
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This appears to indicate the BLS phylogeny has higher effect sizes because the internal 

nodes where the separation of teeth brushing-relevant sequence is most different from 

the separation of tips in general affect a higher number of such sequences. 

In other words, the UniFrac effect size result that shows Borderlands Science 

distinguishes better between taxa related to teeth brushing is backed up by the 

architecture of the tree. 
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17. Other Borderlands Science publications 

Borderlands Science is a multi-year project involving multiple labs and dozens of 

authors. This amount of work cannot possibly be contained to a single paper. In this 

section, we provide an overview of the work done in Borderlands Science that is not 

described in this study. 

17.1 AI and reinforcement learning 

A core part of the Borderlands Science project is to use the game as an opportunity to 

build an open-source database of game solutions for the purpose of training AI agents. 

Indeed, it goes without saying that a game of this scale cannot be set up every time a 

new dataset needs to be aligned. 

 

We have been working with behaviour cloning to characterize the strategies employed 

by humans, their heterogeneity and their reproducibility, with positive results so far. We 

have published some of these results at CHI 2023 (Mutalova et al. 2023) and Collective 

Intelligence 2023 (Mutalova et al. 2023). The first paper focuses on showing that player 

strategies can be learned by behaviour cloning methods, and the second one on 

showing that these methods constitute improvements over pure AI. We are actively 

working on follow-ups to these publications. 

 

We are still actively working on identifying the potential of reproducing human strategies 

for the sequence alignment task, and on finding the best AI method to harness the 

wisdom of the crowd. 

 

17.2 Human-computer interactions and games 

Another major focus of the project is the human-computer interaction (HCI) aspect of 

the game. Indeed, it is one thing to formulate the hypothesis that humans are good at 

solving this type of problem, and it’s another thing to show that human solutions 

improve multiple sequence alignments compared to off-the-shelf computational 

methods, but this does not tell us why, or how, this is the case. 

 

This is why another focus of our work has been to better understand how players play 

the game. This includes looking at the differences in performance and strategies 

between beginners and expert players, but also analyzing the contribution of different 

aspects of the game and reflecting on how the game could be improved in its playability 

and in its scientific contribution. 

https://paperpile.com/c/A0ASzb/F1T2
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17.3 Future work 

Along with the AI and HCI aspects of the project, we will keep working on processing 

more data, diving deeper on how to leverage this heterogeneous data to extract 

biologically-relevant information, and on new citizen science game projects. You can 

follow our papers, preprints and games at https://games.cs.mcgill.ca/bls/ 

 

 

 

https://dnapuzzles.org/
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