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ABSTRACT

ScaffoldSeq is software designed for the numerous applications—including directed evolution analysis—in which a user gen-

erates a population of DNA sequences encoding for partially diverse proteins with related functions and would like to char-

acterize the single site and pairwise amino acid frequencies across the population. A common scenario for enzyme

maturation, antibody screening, and alternative scaffold engineering involves na€ıve and evolved populations that contain

diversified regions, varying in both sequence and length, within a conserved framework. Analyzing the diversified regions of

such populations is facilitated by high-throughput sequencing platforms; however, length variability within these regions

(e.g., antibody CDRs) encumbers the alignment process. To overcome this challenge, the ScaffoldSeq algorithm takes advant-

age of conserved framework sequences to quickly identify diverse regions. Beyond this, unintended biases in sequence fre-

quency are generated throughout the experimental workflow required to evolve and isolate clones of interest prior to DNA

sequencing. ScaffoldSeq software uniquely handles this issue by providing tools to quantify and remove background sequen-

ces, cluster similar protein families, and dampen the impact of dominant clones. The software produces graphical and tabu-

lar summaries for each region of interest, allowing users to evaluate diversity in a site-specific manner as well as identify

epistatic pairwise interactions. The code and detailed information are freely available at http://research.cems.umn.edu/

hackel.
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INTRODUCTION

Sequence analysis of diverse protein populations with

related functions is valuable in characterizing anti-

body1–4 repertoires, evaluating homologs (such as for

consensus design5), guiding combinatorial library design

for de novo protein discovery,6 and performing deep

mutational scanning7,8 to elucidate evolution, for exam-

ple, of stability, binding, or catalysis. Sequence analysis

can identify—on a sitewise or multi-site motif level—

amino acid frequencies that are consistent with the dis-

covery and evolution of stable, functional molecules.

These amino acid frequencies can be implemented com-

binatorially in libraries or precisely in clones. The

increased availability of broad data sets of functionally

homologous, partially diverse proteins mirrors the

growth in deep sequencing and bioinformatics mining.
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Realizing benefit from these advances requires techniques

and software for efficient, accurate, consistent analysis

throughout and across fields.

Here we discuss software to analyze diverse protein

populations for such purposes. As a particular type of

example, we highlight the analysis of populations of

small protein scaffolds (fibronectin type III6 and Gp2

domains9) in which three or two regions, respectively,

were highly diversified and evolved for various binding

functions. The software input is DNA sequences (FASTA/

FASTQ); for example, a population encoding for protein

domains engineered to bind various epitopes on an anti-

gen. The primary outputs are sitewise amino acid fre-

quency matrices, pairwise epistasis analyses—including

epistatic frequency distributions and identification of key

positive and negative correlates—and metrics of sequence

diversity. The analysis workflow differentiates itself from

existing tools and methods of others10–17 by being cus-

tomizable, via a dynamic, easily-navigated user interface,

and allows removal of background sequences (e.g., non-

functional clones unintentionally isolated during a pro-

tein library screen), evaluation and clustering of highly

similar sequences, and dominant clone weight dampen-

ing. Output files are generated as graphical summaries

and in comma-separated value format to facilitate down-

stream application and project-specific data interrogation

(Fig. 1). Along with the annotated script, an accompany-

ing Software Walkthrough provides a detailed guide for

users as exemplified by Gp2-directed evolution analysis.

Beyond the ligand-specific scientific value of sitewise and

pairwise amino acid frequency data, analysis of the affi-

body,18 fibronectin, and Gp2 ligand evolution data

reveals the benefits of variable dampening of dominant

clones.

MATERIALS AND METHODS

Interface design

Scripts, developed using Python (v2.7) with default

libraries to ease portability, are compatible with Win-

dows 7/8, Mac OS X, and Linux OS. An intuitive inter-

face guides the user through the sequence analysis menus

and allows for command line execution. While workflow

settings are customizable for essentially any protein,

default profiles for fibronectin,6 affibody,18 DARPin,19

knottin (kalata B1),20 and Gp29 are included. Each

unique profile containing scaffold-specific parameters

and settings declared within the job submission menu

are saved via Python’s pickle module to separately store

setting arrays outside the main interface. This allows

users to easily retrieve and view settings from prior anal-

yses. A step-by-step tutorial is included as a resource to

guide users through selecting the appropriate job settings

(see Software Walkthrough).

Sequence alignment

Quality, relevant sequences are parsed from the

FASTA/FASTQ input file by looping through individual

reads, locating conserved anchors at the 50 and 30 ends of

the gene of interest, and removing segments outside of

the anchors. Trimmed sequences of acceptable size (dic-

tated by gene length and allowed length variation, such

Figure 1
ScaffoldSeq evaluates high-throughput sequence data to characterize the

diversity within directed evolution and natural populations. The regions
of interest within a collection of proteins are identified using tunable

similarity thresholds associated with reference sequences. Background
sequences are quantified and excluded from the analysis (optional).

Highly similar clones are clustered. Population heterogeneities are fur-

ther elucidated by dampening the impact of highly frequent unique
clones. The software generates output files that detail sitewise amino

acid distributions and identify pairwise epistasis.
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as from loop length diversity) are aligned to a user-input

reference sequence using a cross-correlation test with

Python’s difflib module. This alignment depends on a

sufficient fraction of matching nucleotides within the

framework regions, directly outside of the diversified

regions of interest, having at least 80% matching nucleo-

tides. While the algorithm does not enable FASTQ read

quality filtering, the framework alignment threshold can

be adjusted by the user with discretion (see Software

Walkthrough). This has the effect of searching along a

trimmed sequence for the transition between a conserved

region and a diversified region of interest. The identifica-

tion method provides rapid location of diversified

regions even in cases where the composition and length

of the region of interest are not specifically known,

which in turn has the advantage of accurately accounting

for specific library designs involving loop length diversity

within antibody fragments21,22 and small scaffolds such

as fibronectin23 and Gp2.9 Length differences are

accounted for by inclusion of gap indicators, “-”, to

maintain alignment in conserved regions.

Background consideration

Background sequences or noise should be accounted for

based on the specific experiments that yielded the sequence

set. In directed evolution, functional clones are often iso-

lated by survival selections or screening via genotype-

phenotype display technologies24–27 coupled with cell

panning,28 bead sorting,29 or flow cytometry.30 Survival

and selection techniques yield a small fraction of false posi-

tives or background, which can be quantified via control

experiments (non-random “false” positives resulting from

poor assay design must be accounted for separately). These

unwanted, random clones, which are the rarest sequences

within the data set, are excluded from the analysis by

removing either a user-defined fraction of the rarest

sequences (e.g., 2% for example directed evolution popula-

tion isolated by yeast display and magnetic bead sorting)

or all sequences with fewer than a user-defined number of

occurrences. Accounting for assay-specific background lev-

els has the additional advantage of sufficiently compensat-

ing for read error rates of next-generation sequencing

platforms, which tend to be <1%.31

Family clustering and frequency calculation
with dampening

Sampling bias introduced by dominant motifs and

selection methods are detrimental to the statistical analysis

of raw sequence data.32,33 To compensate for these biases,

ScaffoldSeq allows for separate correction factors to be

associated with motif clustering and individual sequence

contributions. Similar sequences (default: 80% identity in

diversified sites) can be clustered into families, which facil-

itate identification of key motifs. Families provide an

additional metric for population diversity (sequences,

unique sequences, and families), which, in turn, enables

broader characterization of the sequence set. Notwith-

standing, the diversity of a population can be obscured by

a given family similar to how a prominent sequence can

upstage all other members of a family. To correct for these

imbalances and rather emphasize the heterogeneity of

functional clones when appropriate, a dampening expo-

nent can be applied to the frequency of unique sequences

to lower the impact of dominant sequences6,9 [Eq. (1)].

f ’ xið Þ5

X
k

X
km

f xið Þ
� �1=d

X
i

X
k

X
km

f xið Þ
� �1=d

� � (1)

where f(xi) is the frequency of amino acid i at site x; km

is the mth sequence in family k; and f0 is the dampened

frequency with dth root dampening.

Traditional sequence analysis often treats each

sequence as a distinct solution to a problem. However,

within a population, two non-identical, but highly simi-

lar sequences may share a common structural or func-

tional motif, akin to providing comparable solutions to

the same problem. By lowering the Sequence Similarity

Threshold, the ScaffoldSeq algorithm defines a broader

range of related sequences to be a common solution. The

contribution of each common solution (i.e., dominant

clones and their common-motif variants) can be tuned

to suit the needs of the analysis by using family cluster-

ing in combination with dampening.

The Frequency Dampening Power (1/d) will typically be

within the range of 0.25–1. As this value approaches

zero, the data set will be treated as though all duplicate

sequences were removed. A value of 1 has the effect of

weighting all sequences equally and, consequently, neg-

ates all impact of clustering, irrespective of the Sequence

Similarity Threshold. Frequency Dampening Power of 0.5

is suggested for sequence data sets that contain a rela-

tively high number of occurrences for a few dominant

clones. Sensitivity analyses (Fig. 2) guide selection of

appropriate parameter value.

Pairwise interactions

Sitewise amino acid frequencies, f(xi), are most rele-

vant when each site acts independently. In reality,

cohorts of residues are likely to interact under evolution-

ary pressure.35–37 Therefore, ScaffoldSeq also compares

pairwise residue distributions from full-length evolved

sequences relative to those predicted by the region-

specific independent frequency matrix, which empowers

identification of positive and negative epistasis38 (Sup-

porting Information Figs. S1 and S2). Specifically, mutual

information, MI(x,y), is calculated for each pair of sites, x

and y [Eq. (2)]. Each of the 400 possible amino acid

Directed Evolution Scaffold Characterization Software
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combinations for a site-pair are evaluated based on the

predicted sitewise frequency product, ƒ(xi)ƒ(yj) and exper-

imentally observed pairwise frequency, ƒ(xi,yj) [Supporting

Information Eq. (S1)]. For each of the amino acid-specific

contributions, positive values indicate the propensity of

two mutations to occur more often than would be pre-

dicted by a sitewise frequency analysis alone. Mutations

that do not occur within the data set are excluded. The

summation of these residue-specific values yields the

mutual information for that site-pair. The amino acid-

specific components of the mutual information calculation

are also output to facilitate epistasis analysis. Mutual

information from raw sequences is vulnerable to inaccura-

cies driven by sequence alignments in multiple scenarios.

Broadly diverse or quickly evolving sites with high entropy

tend to yield larger mutual information scores, irrespective

of paired interaction.39 Countering these effects through

normalization techniques has been discussed.40–43 Bias is

also propagated through redundant sequences and promi-

nent families of highly similar clones.33 Previous correc-

tive efforts include removing all duplicates11 and

weighting sequence counts inversely proportional to the

total cluster size.44 Additionally, high background can

arise from small samples sizes,45 but can be offset by low

count correction.44 While the ScaffoldSeq algorithm

largely overcomes these issues via dampening, clustering,

and background removal, the mutual information output

data incorporates the average product corrected method43

[Eq. (3)]

MIðx; yÞ5
X

i

X
j
f ðxi; yjÞlog 2

f xi; yj

� �
f xið Þf yj

� � (2)

MIpðx; yÞ5MIðx; yÞ2 MIðx; �ÞMIð�; yÞ
MIð�; �Þ (3)

where MI(x,*) and MI(*,y) are the average mutual infor-

mation values of site-pairs involving site x and y,

Figure 2
Sensitivity analyses. A: Apparent sitewise diversity (i.e., Shannon entropy34) within binding populations from recent studies is shown as a function

of dampening the effect of dominant sequences by modulating the frequency dampening parameter, d [Eq. (1)]. The family cluster similarity
threshold is set at 80% for data from all three scaffolds: hydrophilic fibronectin (Fn3HP),6 Gp2,9 and affibody (unpublished). Data analyses were

conducted with frequency dampening coefficient ranging from 1 (no dampening) to 4 (heavy dampening). Each line shows the Shannon entropy
of a single site of interest. Conclusions: Accounting for dominant clones, via frequency dampening, has a greater impact on less diverse popula-

tions. Dampening uniquely affects each site, as demonstrated by changes in the rank order between levels of dampening. B: Shannon entropy, aver-

aged across all diversified sites for each scaffold, is shown for a range of frequency dampening coefficients and sequence similarity clustering
thresholds. On the left, the similarity threshold is set at 80%. Data analyses were conducted with frequency dampening coefficient ranging from 1

(no dampening) to 4 (heavily dampened). On the right, the frequency dampening coefficient is set to 2 and the similarity threshold is varied. Shan-
non entropy (H 5 2

P20
i51 fi log 2fi) , where fi is the fraction of amino acid i at a particular site) describes relative diversity within the range of 0

(fully conserved) to 4.3 (5% of each amino acid). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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respectively. MI(*,*) is the average mutual information

values across all site-pairs.

RESULTS AND DISCUSSION

ScaffoldSeq has been developed, optimized through

extensive testing, and made available for public use along

with documentation to facilitate implementation across

various applications for the aforementioned functions.46

Upon completion of the sequence analysis, ScaffoldSeq

publishes data in comma-separated value format summa-

rizing each stage of the workflow depicted in Figure 1.

Output data include the total number of quality sequen-

ces that were parsed by ScaffoldSeq, number of occur-

rences for each unique protein sequence, background

threshold count by which sequence removal was deter-

mined, dampening coefficient applied (d), number of

family clusters, and protein sequence and frequency for

unique clones within each cluster. Sitewise amino acid

counts and frequency distributions are presented in

matrix form. Following this, lead clones from the popu-

lation (i.e., most prevalent clone from each sequence

cluster) are enumerated in rank order. Pairwise similarity

distances are computed for each lead clone based on the

relative Hamming distance as well as the revised BLO-

SUM64 score matrix.47 Many analyses are afforded by

the ScaffoldSeq output beyond those included in the

default package. One potential application is demon-

strated whereby the list of lead clones from each family

is used to construct a phylogenetic tree, allowing for vis-

ual assessment of high level diversity (Fig. 3). Pairwise

diversity analysis, evaluated via mutual information and

residue-specific epistasis, is conducted for all 400 pairs of

residues, i and j, at all pairs of sites, x and y (further dis-

cussion in Supporting Information Figs. S1 and S2).

High-throughput evolution (directed or natural) and

deep sequencing can substantially advance our knowledge

of sequence–function relationships to yield improved

mutant or combinatorial library designs. In addition to

enlightening analysis of single proteins, sitewise (single

and paired) consideration of inter- and intra-molecular

interactions—quantified via evolutionary prevalence—

can aid combinatorial library designs for de novo protein

discovery. ScaffoldSeq facilitates such analyses.
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