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Abstract

Impaired formation of the biliary network can lead to congenital cholestatic liver diseases; 

however, the genes responsible for proper biliary system formation and maintenance have not been 

fully identified. Combining computational network structure analysis algorithms with a zebrafish 

forward genetic screen, we identified 24 new zebrafish mutants that display impaired intrahepatic 

biliary network formation. Complementation tests suggested these 24 mutations affect 24 different 

genes. We applied unsupervised clustering algorithms to unbiasedly classify the recovered mutants 

into three classes. Further computational analysis revealed that each of the recovered mutations in 

these three classes has a unique phenotype on node-subtype composition and distribution within 

the intrahepatic biliary network. In addition, we found most of the recovered mutations are viable. 

In those mutant fish, which are already good animal models to study chronic cholestatic liver 

diseases, the biliary network phenotypes persist into adulthood. Altogether, this study provides 

unique genetic and computational toolsets that advance our understanding of the molecular 

pathways leading to biliary system malformation and cholestatic liver diseases.
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1. Introduction

Cholestatic liver diseases are characterized by slowed or blocked bile flow within the 

liver and are found in patients of almost any age (Hirschfield et al., 2010; Jansen et 

al., 2017). Biliary atresia, a cholestatic liver disease affecting neonatal patients, occurs in 

approximately one in 10,000 live births (Leyva-Vega et al., 2010; Sokol et al., 2003) and is 

characterized by blockage, underdevelopment, and malformation of the biliary ducts, leading 

to buildup of bile and, ultimately, scarring and cirrhosis of the liver. Biliary atresia continues 

to be the most common indication for necessitated liver transplantation and accounts for 

almost 50% of all liver transplantation performed in children (Sokol et al., 2003). In general, 

cholestatic liver diseases are caused by a disequilibrium between the loss of biliary epithelial 

cells (BECs, also called cholangiocytes) and the generation of new BECs. Liver cholestasis 

could thus be induced by a variety of upstream signaling pathways such as activation 

of death receptors, immune-mediated injury, or oxidative stress (Hirschfield et al., 2010). 

Identifying signaling pathways that may induce biliary disease is an important step in 

understanding these diseases, but much is still unknown. Indeed, relatively few genes which 

regulate biliary system morphogenesis have been found (Heathcote, 2007; Lemaigre and 

Zaret, 2004); therefore, forward genetic screens could find more genes responsible for this 

process. Identifying new genes will lead to the discovery of genes susceptible to cholestatic 

liver diseases and provide new animal models for such diseases.

Systematic forward genetic screens have led to the identification and characterization of 

genetic pathways regulating many biological processes, including morphogenesis (Jorgensen 
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and Mango, 2002; Kile and Hilton, 2005; Patton and Zon, 2001; St Johnston, 2002). 

Historically, classifications of mutant phenotypes collected through genetic screens were 

decided subjectively where observers decided on classification criteria based on biological 

knowledge. In contrast, machine learning-based unsupervised classification is an objective 

process of grouping in which a dataset is sorted based on similarity without any ground 

truth or pre-labeling of data (Mitchell, 1997). Unsupervised learning approaches are widely 

used to make partitioning observations into homogenous clusters as well as uncover 

subpopulation structures of hidden relationships in a given dataset (James et al., 2013; 

Kiselev et al., 2019). This approach has proven to be a powerful tool for exploring 

genomics and other omics high-dimensional data sets, yet its usefulness for unbiased mutant 

phenotype characterizations has not been intensively tested.

The zebrafish transgenic line Tg(Tp1-MmHbb:EGFP)um14, which is generated by 

conjugating tandem RBP-Jk response element repeats with enhanced green fluorescent 

protein (EGFP), expresses EGFP specifically in the intrahepatic biliary network in the 

zebrafish liver (Lorent et al., 2010; Parsons et al., 2009). This transgenic line allowed us 

to visualize the entire intrahepatic biliary network in zebrafish larvae, greatly facilitating 

investigation of the development of the biliary system. Utilizing this transgenic line, 

we previously developed computational algorithms to convert complex three-dimensional 

network structures into arrays of numeric sub-parameters to quantify the subtle differences 

in intrahepatic biliary network branching patterns (Dimri et al., 2017). Precise computational 

quantification of the intrahepatic biliary network enabled us to unbiasedly quantify mutant 

phenotypes and break down complicated three-dimensional branching patterns into multi-

dimensional arrays, which we can feed into unsupervised classification algorithms.

In this study, we conducted a forward genetic screen for new mutants showing specific 

phenotypes in the intrahepatic biliary network, and we recovered 24 of these mutants. We 

applied computational network analysis alongside unsupervised classification algorithms 

to elucidate phenotype groups and unbiasedly reveal new classes of mutant phenotypes. 

Together, these studies lay the foundation for integrating unsupervised approaches with 

genetic screening and provide new biological resources to study biliary system biology.

2. Results

2.1. A forward genetic screen identified 24 mutants affecting intrahepatic biliary network 
formation

We have previously developed a computational method to precisely quantify network 

structural properties of the zebrafish intrahepatic biliary network (Dimri et al., 2017). This 

method allowed us to characterize subtle differences in network branching and connection 

patterns. Here, we applied this method to facilitate a forward genetic screen. We completed 

a forward genetic screen to identify mutants showing altered Tg(Tp1-MmHbb:EGFP)um14 

expression in the intrahepatic biliary network at 5 days post-fertilization (dpf) (Materials 

and Methods). During the screening and recovery procedure, we frequently used the 

computational skeletal analysis algorithm (Dimri et al., 2017) to confirm the subtle 

branching differences we observed in the intrahepatic biliary network of mutant larvae 

were significantly different from those in wild-type larvae. Because we wanted to identify 
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mutations specifically affecting biliary system morphology, we have excluded any mutations 

that induced general body shape change, obvious pigmentation change, altered morphology 

of observable organs, defects in blood circulation, or cardiac edema. Although we observed 

some interesting biliary system phenotypes in mutants with such observable morphological 

changes during the screening, we excluded them because the mutations causing such 

phenotypes had already been intensively screened (Driever et al., 1996; Haffter et al., 

1996). In the F3 generation, we identified 28 mutations that fit our screening criteria and 

eventually recovered 24 mutations in the next generation (Table 1). These 24 mutants 

show consistent phenotypes even after nine or more backcrosses to the original wild-type 

strain. After we outcrossed the recovered mutants to the wild-type strain for at least five 

generations, we initiated precise characterization of mutant phenotypes in the intrahepatic 

biliary network by applying the computational skeletal analysis algorithm (Dimri et al., 

2017) (Fig. 1) (Materials and Methods). We converted branching patterns in the Tg(Tp1-
MmHbb:EGFP)um14 expressing intrahepatic biliary network to computational skeletal 

representation images and corresponding numeric array datasets. We found these 24 mutants 

show unique branching patterns in the intrahepatic biliary network different from those of 

the wild-type larvae at 5 dpf (Fig. 1). We did not observe any overt difference in physical 

appearance among those 24 recovered mutant larvae at 5 dpf, suggesting those mutations 

specifically affect the biliary system. Thus, we established 24 mutant alleles responsible for 

unique intrahepatic biliary network branching phenotypes.

2.2. Classification of recovered mutants based on structural sub-parameters of the 
intrahepatic biliary network

Because the skeletal network analysis produces high-dimensional numeric array data of 

the intrahepatic biliary network in individually examined larva, we applied the hierarchical 

clustering heat map algorithm (James et al., 2013) to analyze this data. For each genotype, 

we first calculated the mean values of each sub-parameter obtained from the initial skeletal 

conversion. The sample size for each mutant used for analysis is summarized and shown in 

Table 1. We then used the mean values to apply the clustered heat map algorithm to generate 

the heat map (Fig. 2) showing the phenotypical similarities between all mutants recovered. 

This is a completely unbiased classification based solely on the structural sub-parameters of 

the intrahepatic biliary network. Based on the dendrogram of the clustering heat map data 

(Fig. 2), we assigned three major mutant phenotype classes: Class I, Class II, and Class III. 

We found mutants belonging to Class I show decreased total number of segments within 

the intrahepatic biliary network, indicating this structural sub-parameter is important for the 

classification of this group. Based on the dendrogram, this class can be further divided into 

Class Ia and Class Ib, in which mean network density is increased or decreased, respectively. 

In both Class II and III, the mean network density is increased compared to that in wild-type 

larvae, but while the total segment number in Class II is relatively consistent, segment 

number is increased in Class III. Together, these findings suggest that, among all network 

structural sub-parameters, the total segment number and mean density are relatively more 

important features among the network structural sub-parameters for classifying recovered 

mutant phenotypes.
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It is possible, however, that the use of clustered heat map analysis does not always respect 

the intrinsic relationships of mutant phenotypes. In order to independently confirm the 

phenotypical relationships, we have applied principal component analysis (PCA) (James 

et al., 2013), which is a different dimensionality-reduction algorithm (Fig. 3). First, we 

plotted based on the mean network sub-parameter values of each allele (Fig. 3A), and we 

found that the mutant phenotype classes assigned based on the clustered heat map analysis 

were grouped together in the plot, suggesting that both algorithms classified the phenotypes 

similarly. Since PCA-based analysis is important, we next plotted all individual wild-type 

and mutant larvae analyzed in this study (Table 1) and labeled them based on the assigned 

classes (Fig. 3B). Each class of mutants had a distribution pattern that partially overlapped 

but was still distinct from other groups (Fig. 3B), suggesting that this analysis could be used 

to assign new mutants to these classes.

2.3. Combination of different node sub-types constructs the intrahepatic biliary network

We previously reported that in wild-type larvae at 5 dpf, the distribution ratios of 3-way, 

4-way, and 5-way nodes in the intrahepatic biliary network are relatively constant (Dimri et 

al., 2017). Here, we further analyzed node types in wild-type larvae at 5 dpf by subdividing 

into node sub-types: 3-way, 4-way, and 5-way nodes can be subdivided into 3, 4, and 5 

node subtypes, respectively (Fig. 4A and B) (Table 2). For instance, there are 3 sub-types 

of 3-way nodes: a 3-way node connecting to three other nodes (3W3N0E), a 3-way node 

connecting to two other nodes and one endpoint (3W2N1E), and a 3-way node connecting 

to one other node and two endpoints (3W1N2E). In wild-type larvae at 5 dpf, these node 

subtypes show a typical distribution ratio in which the 3W2N1E node ratio (35.74% ± 

8.18 s.d.) is always higher than that of the 3W1N2E node (0.93% ± 3.02 s.d.) (Fig. 4C). 

Similarly, among the 4-way nodes, the ratio of the 4W3N1E (7.60% ± 2.30 s.d.) node is 

always higher than that of the 4W1N3E (0.97% ± 0.92 s.d.) node (Fig. 4D). A similar 

pattern is observed in 5-way node subtypes (Fig. 4E). In wild-type larvae, the zebrafish 

intrahepatic biliary network branching patterns are not identical from one larva to another; 

however, these data together indicate there are certain rules and ranges governing the 

composition of node-subtypes constructing the intrahepatic biliary network in wild-type 

larvae.

Next, we investigated node sub-type distributions in all recovered mutants to find which 

mutation has the strongest effect on these distributions (Supplementary Fig. 1). Although 

each of the many mutations has a unique effect on the node sub-type distribution, we 

found that among the 24 mutants, the lri31 mutation has the strongest effect on 3-way node 

sub-type distribution. In lri31 mutant larvae, the ratio of the 3W2N1E (14.26% ± 13.68 s.d.) 

node is no longer significantly different from that of the 3W1N2E node (33.16% ± 14.84 

s.d.) (Fig. 4F), suggesting the lri31 gene influences the 3-way node sub-type distribution. 

Similarly, among the recovered mutants, 4-way node subtype distribution is most affected 

in lri26 mutant larvae, in which the ratio of 4W4N0E (3.16% ± 1.77 s.d.) is no longer 

significantly higher than that of 4W1N3E (2.55% ± 1.41 s.d.) (Fig. 4G). 5-way node subtype 

distribution is most affected in lri17 mutant larvae, in which the ratio of 5W4N1E (1.03% 

± 1.17 s.d.) is no longer significantly higher than that of 5W1N4E (1.40% ± 1.15 s.d.) 

(Fig. 4H). These mutants that strongly affect node subtype distribution belong to class ib, 
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suggesting that genes belonging to this class may play important roles in regulating node 

subtype distribution. Together, these data suggest we have identified mutations that influence 

the proper distribution of node subtypes constructing the intrahepatic biliary network.

2.4. Network structural heat map based characterization of class III mutant phenotypes

The connection property distribution analysis revealed that in mutant larvae belonging 

to Class III, lri20, lri27, and lri38, node-node connections become thicker than those in 

wild-type (Fig. 2). In the liver, however, where these thicker node-node connections are 

localized is not clear. To test the hypothesis that property altered connections could be 

distributed in a particular area of the liver in these mutants, we have developed additional 

visualization programs. We previously generated an algorithm to make two-color network 

heat maps indicating network crowdedness (Dimri et al., 2017). We modified the procedure 

(Materials and Methods) to generate a seven-color network heat map of the intrahepatic 

biliary network in wild-type larvae showing the density of the network (Fig. 5A). Because 

recovered mutants belonging to Class III show a phenotype that increases network density, 

we first generated seven-colored network density heat maps for lri20, lri27 and lri38 mutant 

larvae at 5 dpf (Fig. 5B–D). Consistent with the initial analyses, these mutants show 

increased network density; however, the network density appears to become much higher 

in a particular area in the liver when compared to the remainder of the liver (Fig. 5B–D), 

suggesting the network density increases locally inside the liver.

We then hypothesized network density might increase where segments are thicker in 

mutants belonging to Class III. However, when we generated network heat maps indicating 

connection thickness in lri20, lri27 and lri38 mutant larvae (Fig. 5F–G), we found the 

network thickness was increased uniformly across the entire network in these mutants 

compared to that of wild-type larvae (Fig. 5E). Thus, we concluded that connection 

thickness and density are determined independently in these mutants. We also generated 

network heat maps indicating connection segment length in lri20, lri27 and lri38 mutant 

larvae (Fig. 5J-L), and we found the distribution of longer connections only appeared to be 

different from those in wild-type larvae in lri27 mutant larvae (Fig. 5I). Together, these data 

highlight the usefulness of generating network heat maps to understand where significant 

property changes develop in the liver.

2.5. Mutations that affect the integrity of the intrahepatic biliary network

Among 24 recovered mutants, we found 4 mutants belonging to Class I show the additional 

phenotype in which some Tg(Tp1-MmHbb:EGF-P)um14-expressing biliary epithelial cells 

(BECs) segregate from the intrahepatic biliary network. Here, we referred to this phenotype 

as the BEC segregation phenotype (Table 1). For instance, in lri31 mutant larvae at 5 

dpf, single Tg(Tp1-MmHbb:EGFP)um14-expressing BECs located in the anterior part of the 

liver segregate from the continuous intrahepatic biliary network (Fig. 6B). Meanwhile, all 

Tg(Tp1-MmHbb:EGFP)um14-expressing BECs are always connected to the one continuous 

intrahepatic biliary network in wild-type larvae (Fig. 6A). The segregated single BECs 

frequently make direct contact with the Tg(kdrl:RFP_CAAX)y171–expressing intrahepatic 

vascular network (Fig. 6B and C). These data indicate these four genes are responsible for 

maintaining the integrity of the continuous network.
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2.6. Some recovered mutants show biliary system phenotypes in the adult liver

Likely because we screened for mutants showing no gross morphological phenotype, the 

majority of mutations we collected in this screen are viable (19 out of 24) (Table 1). 

We hypothesized these viable mutations might continue to affect the intrahepatic biliary 

network in the adult stage. To test this hypothesis, we collected recovered mutant larvae 

at 5 dpf and raised homozygous mutant fish into the adult stage. We then examined Tg(Tp1-
MmHbb:EGFP)um14 expression in the adult liver (6 months post-fertilization) of these 

homozygous mutant fish (Fig. 7). In the wild-type adult liver, Tg(Tp1-MmHbb:EGFP)um14 

remains expressed in the intrahepatic biliary network (Fig. 5A). In the liver of lri37 mutant 

fish, Tg(Tp1-MmHbb:EGFP)um14 expression in the liver appears similar to that of the wild-

type (Fig. 7B), suggesting the intrahepatic biliary network is impaired in lri37 mutant larvae 

but recovers in adult fish. Tg(Tp1-MmHbb:EGFP)um14 expression in the liver of lri26 (Fig. 

7C) and lri14 (Fig. 7D) mutant adult livers, however, is slightly reduced compared to that 

of wild-type fish, suggesting the intrahepatic biliary network in these mutant fish is reduced. 

The intrahepatic biliary network is almost lost in the lri13 (Fig. 7E), lri21 (Fig. 7F), and 

lri24 (Fig. 7G) mutant adults, suggested by Tg(Tp1-MmHbb:EGFP)um14 expression in the 

liver being greatly reduced and nearly missing. Finally, in lri29 (Fig. 7I) and lri20 (Fig. 7J) 

mutant adult livers, the Tg(Tp1-MmHbb:EGFP)um14-expressing intrahepatic biliary network 

becomes thicker compared to that of the wild-type adult liver, suggesting the failure of BEC 

segregation might cause thicker networks to form in these mutant fish. Together, these data 

indicate we have established new zebrafish models for adult biliary system defects, which 

can potentially be used as cholestatic liver disease animal models.

2.7. Discussion

In this study from a forward genetic screen, we have recovered 24 new mutants which show 

specific defects in the branching patterns of the intrahepatic biliary network. This screen 

was successful only because we utilized the previously developed network structure analysis 

algorithm to confirm the subtle difference in the branching patterns. Using the algorithm, we 

converted the phenotypic difference in these 24 mutants into multi-dimensional arrays and 

applied machine-learning-based unsupervised classification approaches. These approaches 

objectively classified these 24 mutants into three major classes and quantified phenotypical 

similarities among them.

The clustered heat map displays a large amount of data in an intuitive format to facilitate the 

detection of hidden structures and relations in the dataset. We classified recovered mutant 

phenotypes based on this algorithm. The key question to be evaluated is the extent to which 

unsupervised clustering reflects the signaling pathways regulated by the mutated genes. 

Until recently, mapping of a causative mutation of ENU mutagenesis-derived mutants was 

an extremely labor-intensive process. The development of next-generation sequencing-based 

approaches (Hill et al., 2013; Leshchiner et al., 2012; Miller et al., 2013; Schneeberger, 

2014) has, however, made this process significantly easier. In fact, we have already 

identified that the lri35 mutation disrupts the nckap1l gene solely by using a decent size 

(total 22 million reads) RNAseq dataset (Ghaffari et al., 2021). We initially focused on the 

nckap1llri35 mutation because its phenotype is the most similar to that of Cdk-5 suppressed 

larvae based on the Euclidean distance of the network sub-parameters (Ghaffari et al., 

Singh et al. Page 7

Dev Biol. Author manuscript; available in PMC 2025 April 10.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



2021). We then demonstrated the lri35 mutation genetically interacts with the Cdk5 pathway 

(Ghaffari et al., 2021), thus highlighting precise phenotype quantification can predict the 

signaling pathway the mutation disrupts. Indeed, utilizing hierarchical clustering methods, 

the phenotype of the nckap1llri35 mutant most closely resembles that of the lri12 mutant. 

This assessment was derived exclusively from the precise quantification and categorization 

of each mutant phenotype before knowing the mutated genes. Furthermore, we demonstrate 

that the lri12 mutation perturbs dixdc1b function, and interestingly, dixdc1b operates as a 

downstream effector of nckap1l (K. M.T., I.M.R., and T.F.S, under review). These findings 

collectively prove that our assay has the potential to predict the signaling pathways impacted 

by specific mutations prior to their explicit identification.

Previously, we have shown that the Cdk5/Pak1/LimK/Cofilin pathway regulates the 

intrahepatic bile duct network formation (Dimri et al., 2017). In this forward genetic screen, 

we also identified two class Ib mutants (lri12 and lri35) that also function in the Cdk5 

pathway. A large-scale GWAS analysis of Biliary Atresia (BA) patients identified the SNP 

on the human PAK1 gene as associated with BA (Glessner et al., 2023), suggesting that the 

Cdk5 pathway is also involved in the pathogenesis of BA. Thus, further identification of 

the mutated genes of the mutants collected in this study, especially genes belonging to class 

Ib, would further reveal molecular pathways regulated by Cdk5 that may contribute to the 

pathogenesis of BA.

Genetic complementation tests within the same subclass have been completed and none 

of the tested pairs within the same class complemented one another, suggesting these 

24 mutations affect 24 different genes. However, different alleles on the same gene 

could potentially produce very distinct phenotypes which could be classified into different 

subclasses, thus, it is still possible some recovered mutations affect the same gene. It should 

be noted that, during the complementation test, there were a few cases in which less than 

five percent of offspring showed much milder phenotypes than those seen in their parents. 

Since all recovered mutations are full penetrant and recessive, we concluded these results 

could be due to genetic interaction between two loci. We observed such genetic interactions 

between lri12 (AK-8.5) and lri35 (JW-1.10), and between lri37 (KL-10.6) and lri29 (IL-2.3). 
We have found that lri12 and lri35 mutate different genes. However, further analysis is 

needed to identify the genes mutated by lri37 (KL-10.6) and lri29 (IL-2.3). The number of 

mutants we recovered from this screening is significantly higher than the number of genes 

already known to be involved in zebrafish biliary system formation (Brandt et al., 2020; 

Delous et al., 2012; EauClaire et al., 2012; Ellis et al., 2022; Gao et al., 2019; Sadler et al., 

2005; Schaub et al., 2012; Thestrup et al., 2019; Wu et al., 2023). Identifying the responsible 

genes mutated by these mutations, therefore, will reveal previously unappreciated genes 

playing essential roles in biliary system formation. The complementation test results also 

indicated a genetic screen focusing on the biliary system has not been saturated and thus 

more mutations remain to be discovered.

The Notch signaling pathway plays a pivotal role in the formation of the intrahepatic 

biliary system (Lorent et al., 2004; Zhao et al., 2022). Concurrently, the Notch pathway 

is implicated in cardiac development, often correlating with cardiac edema. Given our 
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rigorous screening criteria, mutants manifesting cardiac edema were omitted. Consequently, 

mutations in the Notch pathway may have been potentially excluded from this screening.

In this study, we redefined node subtypes existing in the wild-type intrahepatic biliary 

network (Fig. 4). This analysis provided a previously undescribed view on how the network 

is constructed. We found two node subtypes, 3W3N0E and 3W2N1E, compose more than 

65% of the total nodes in the wild-type intrahepatic biliary network at 5 dpf (Fig. 4A). Other 

node subtype distributions are relatively constant among wild-type larvae at 5 dpf (Fig. 4A), 

and we found several mutants, including lri31, that influence the patterned distributions of 

node subtypes (Fig. 4, Supplementary Fig. 1). Identifying the responsible genes affected 

by these mutations will further address molecular pathways responsible for node subtype 

determination and distribution.

We showed mutant larvae belonging to Class III display increased network density of the 

intrahepatic biliary network at 5 dpf (Fig. 5). We previously reported that pharmacological 

suppression of Pak1 or Lim kinase also induced a phenotype (Dimri et al., 2017) similar to 

those mutant larvae belonging to Class III; thus, it could be possible some of the mutants 

belonging to this class might affect the Pak1 or Lim kinase-mediated signaling pathways.

We also found several mutants in this study in which single biliary epithelial cells segregate 

from the network (Fig. 7). We only used the remaining continuous biliary network for 

the skeletal structural analysis as the segregated single cells are not continuous with the 

network.

Our high-stringency screening criteria led us to collect viable mutations potentiating the 

generation of double- and triple-mutant fish. It will be intriguing to examine the biliary 

network phenotypes in double- and triple-mutant larvae of the same class to examine 

potential genetic interactions. These viable mutants showing adult liver phenotypes are 

also an important resource for understanding cholestatic liver disease. A community-based 

study suggested cholestasis may affect as much as 10–20% of the population (Boyer, 2013), 

though cholestasis remains benign in the majority of cases (Pollock and Minuk, 2017). To 

our surprise, some adult mutant fish lost almost all Tg(Tp1-MmHbb:EGFP)um14-expressing 

biliary epithelial cells in the liver (Fig. 7) but remain viable and fertile. These data do not 

exclude the possibility that in these severe phenotypes, transgenic expression may be lost 

while the actual biliary epithelial cells persist. In human cholestatic liver disease patients, 

the obstruction of the intrahepatic biliary network frequently leads to hepatic inflammation; 

thus, it will be important to examine the degree of hepatic inflammation in these mutant fish. 

These new viable mutations are an important biological resource for modelling different 

aspects of human cholestatic liver diseases.

We also found biliary network phenotypes in larvae do not always correlate with biliary 

network phenotypes in the adult liver. For instance, lri14 mutant larvae show a reduced 

complexity phenotype in the biliary network (Class Ia), whereas lri13 mutant larvae show a 

crowded biliary network phenotype (Class III). These two mutant fish, however, show very 

similar biliary network phenotypes in the adult liver (Fig. 7; Table 1). These data suggest 

that in many cases, the mutations affecting larval biliary network formation also influence 
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the intrahepatic biliary network in adults, but the detailed biliary phenotypes in adults still 

need to be examined independently from those of larvae.

Overall, this study combined a zebrafish forward genetic screen with unsupervised 

classifications to identify 24 new mutations which affect different aspects of biliary network 

formation and maintenance. These mutations will be a tremendous resource to further 

understand the molecular pathways governing biliary system formation and molecular 

pathologies leading to cholestatic liver diseases.

3. Materials and Methods

3.1. Zebrafish husbandry and transgenic lines

Zebrafish (Danio rerio) larvae were obtained from natural crosses of the wild-type AB/TL 

strain or heterozygous mutant fish. The following transgenic lines were used: Tg(Tp1-
MmHbb:EGFP)um14 (Parsons et al., 2009) and Tg(kdrl:RFP_CAAX)y171(Fujita et al., 

2011). We also used 24 new recovered mutants (Table 1), which were generated in this 

study. Animal husbandry methods were approved by the Cleveland Clinic’s Institutional 

Animal Care and Use Committee.

3.2. Mutant recovery from ENU-based mutagenesis

The standard three-generation screen was conducted in our lab as previously described 

(Driever et al., 1996; Haffter et al., 1996). In brief, a total of 228 F2 families representing 

332.32 genomes were screened for altered Tg(Tp1-MmHbb:EGFP)um14 expression in the 

liver at 5 dpf, and 24 mutants were recovered and established. The recovered mutants 

were backcrossed to the original AB/TL strain for five or more generations before starting 

detailed phenotype analyses.

3.3. Imaging and computational network structure analysis

Confocal z-stack data of Tg(Tp1-MmHbb:EGFP)um14 expression in the liver were obtained 

using a Leica SP5 confocal microscope as previously described (Schaub et al., 2012). The 

z-step used on the images was 0.42 μm. We used Imaris 8.2 software (Bitplane) to digitally 

crop the image so only EGFP expression from the intrahepatic biliary network remained 

for further analysis. The Surface feature was used to isolate the biliary network, and the 

background subtraction threshold adjusted until the network was continuous. The Liver 

Analysis Program 5.3 (Dimri et al., 2017) was used for all computational network structure 

analyses. For all analyses, we confirmed the proper skeletal conversion by overlaying the 

original confocal image with the converted skeletal image as previously described (Dimri et 

al., 2017).

3.4. Clustered heat map-based classification and PCA analysis

Structural sub-parameters of the intrahepatic biliary network in recovered mutant larvae 

were calculated by the Liver Analysis Program 5.3 as described above. Each sub-parameter 

value was normalized to the mean value in wild-type larvae. The clustering hierarchical 

heat-map (James et al., 2013) was generated based on the normalized mean values of 

recovered mutant larvae. Both mean and individual values of structural sub-parameters of 
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each mutant larva were used to generate a PCA plots (James et al., 2013; Kang et al., 2021). 

The number of samples used per mutant was described in Table 1.

3.5. Heat map analysis on connection segment properties

The data output of the Liver Analysis Program 5.3 was used for further data analysis of 

the biliary network with the Liver Density Analysis Program v1.4 and Liver Segmentation 

Selection Program v1.0. The Liver Density Analysis Program v1.4 (Dimri et al., 2017) 

was used for all computational network density analysis. The Liver Segmentation Selection 

Program v1.0 was used to isolate segmentation groups for creating heat maps. To create a 

heat map, the data output of the Liver Analysis Program 5.3 was segmented based on the 

connection properties. The program output a new TIF stack containing only the segments 

and nodes of interest. This process was repeated for each class interval. The TIF stacks were 

then added to Imaris as new channels and colored to denote the class interval. Through this 

method, heat maps were created for branch length, branch thickness, and network density of 

the biliary network.

3.6. Refined node-type composition calculation

Based on the initial output of the Liver Analysis Program 5.3, we calculated the frequency 

of node and endpoint appearance per each existing node to determine node sub-types. This 

calculation script is named as the Node Sub-type Calculation Program v1.1.

3.7. Kernel density estimation based bivariate distribution plots

We averaged the distribution of the length and thickness in each mutant and plotted the 

kernel density estimation (Silverman, 1998) based on bivariate distribution. The averaging 

was based on the estimation that the distribution in each mutant was relatively similar.

3.8. Adult liver tissue processing and imaging

Adult fish were dissected to examine altered Tg(Tp1-MmHbb:EGF-P)um14 expression in the 

intrahepatic biliary network in the adult liver at 6 months post-fertilization. Once euthanized, 

the fish were dissected in 1x-D-PBS, the liver and intestines removed, and the liver separated 

into lobes. The lobe was fixed with 2% Formaldehyde in PEM, washed twice with PBS, 

and then embedded in 2% GeneMate LowMelt Agarose (Cat. No. E-3126-25) in PBS. 

The agarose block was sliced at a thickness of 250 μm with Leica VT1000S vibratome. 

The slices were then stained overnight with Invitrogen DAPI (Cat. No. D1306). Tg(Tp1-
MmHbb:EGFP)um14 expression in the liver was scanned in a z-stack image on a Leica SP5 

confocal microscope, and the image was exported from Bitplane Imaris software.

3.9. Statistics

To compare three or more means, one-way ANOVA followed by Tukey’s HSD test was 

used.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Skeletal representation of the intrahepatic biliary network at 5 dpf in mutants recovered 

from the forward genetic screen. Skeletal representation of the intrahepatic biliary network 

in mutant larvae based on Tg(Tp1-MmHbb:EGFP)um14 expression at 5 dpf, unbiasedly 

classified based on branching sub-parameters of the intrahepatic biliary network. (A) Wild-

type control (Black border). (B–G) Class Ia (Dark Blue border): lri24 (GK-1.4) (B), lri14 
(BJ-1.2) (C), lri25 (HK-1.7) (D), lri36 (JX-2.14) (E), lri11 (AK-13.4) (F), and lri16 (BJ-3.7) 

(G) mutants belong to this class. (H–Q) Class Ib (Light Blue border): lri31 (IZ-1.6) (H), 

lri21 (FG-9.3) (I), lri30 (IL-4.1) (J), lri29 (IL-2.3) (K), lri17 (CD-1.4) (L), lri18 (DK-3.2) 

(M), lri26 (HZ-1.4) (N), lri35 (JW-1.10) (O), lri12 (AK-8.5) (P), and lri37 (KL-10.6) 

(Q) mutants belong to this class. (R–V) Class II (Red border): lri33 (JL-7.2) (R), lri15 
(BJ-2.5) (S), lri34 (JL-9.3) (T), lri13 (BG-1.2) (U), and lri19 (DK-3.4) (V) mutants belong 

to this class. (W–Y) Class III (Green border): lri20 (EJ-3.10) (W), lri27 (IK-1.6) (X), and 

lri38 (KZ-3.1) (Y) mutants belong to this class. Ventral views, anterior to the top. The 
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network features are color-coded: end points (green), nodes (white), node-node connections 

(red), and node-end point connections (yellow). The representative biliary skeleton for each 

genotype was selected based on the lowest deviation from the average network structural 

sub-parameter attributes.
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Fig. 2. 
Clustered heat map-based classification of recovered mutants. Clustered heat map based 

on the structural sub-parameters of the intrahepatic biliary network in recovered mutant 

larvae at 5 dpf. All sub-parameters are normalized to the average value of the corresponding 

sub-parameters in the wild-type dataset. Clustering was done with the hierarchical clustering 

algorithm. Red indicates a higher value than wild-type, and blue indicates a lower value 

than wild-type. Values represent the average for each specimen dataset. The x-axis of 

the dendrogram indicates the relative similarity of each structural sub-parameter to other 

sub-parameters. The shorter the line between two sub-parameters, the more closely related 

they are. Similarly, the y-axis indicates the relative similarity of each mutant phenotype 

to other mutant phenotypes. Classes are denoted by the color of the y-axis dendrogram: 

Wild-type (Black), Class Ia (Dark Blue), Class Ib (Light Blue), Class II (Red), and Class 

III (Green). Classification was unbiasedly based on network structural sub-parameters of the 

intrahepatic biliary network.
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Fig. 3. 
Principal component analysis (PCA) dimensionality reduction analysis-based mutant 

classification. (A) The PCA dimensionality reduction plot of wild-type and recovered 

mutants based on the mean values of biliary network structural sub-parameters within 

the allele indicates the similarity of phenotypes. Colors denote the defined class of that 

specimen group: Wild-type (Black), Class Ia (Dark Blue), Class Ib (Light Blue), Class II 

(Red), and Class III (Green). Proximity of the data points indicates the relative similarity 

of the recovered mutants; the closer the points, the more closely related the phenotypes are. 

(B) The PCA plot of all individual larvae of wild-type and recovered mutants analyzed in 

this study based on biliary network structural sub-parameters. The plot is labeled based on 

the assigned classes: Wild-type (Black), Class Ia (Dark Blue), Class Ib (Light Blue), Class 

II (Red), and Class III (Green). The same plots showing only the data from each class are 
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shown separately. Each class of mutants was distributed in a pattern that partially overlapped 

but was still clearly distinct.
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Fig. 4. 
Defining the node-type composition of the intrahepatic biliary network. Computational 

network analysis revealed the intrahepatic biliary network could be defined as a combination 

of different types of nodes. (A) Schematics of node-subtypes existing in the intrahepatic 

biliary network. (B) Ratio of node sub-type distribution in the intrahepatic biliary network 

in wild-type larvae at 5 dpf. X-axis labels denote the number of branches connected to the 

node (#W), how many of those branches are node-node connections (#N), and how many of 

those branches are node-endpoint connections (#E). In the schematics, node (white circle), 

endpoint (green circle), node-node (red bar) and node-endpoint (yellow bar) connections 

indicate each node sub-type compositions. (C) Ratio of 3-way node sub-types in wild-type 

(WT) is plotted separately. The 3W2N1E node always exists significantly higher than the 

3W1N2E node in WT. (D) Ratio of 4-way node sub-types in WT is plotted separately. 

Similar to the distribution of 3-way nodes, the 4W3N1E node always exists with the highest 
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ratio in WT while the 4W1N3E node is always lower than other node sub-types. (E) Ratio 

of 5-way node sub-types in WT is plotted separately. The 5W1N4E node always exists at the 

lowest ratio in WT. (F) Ratio of 3-way node sub-types in lri31 (IZ-1.6) mutant larvae at 5 

dpf. The ratio difference between 3W2N1E and 3W1N2E is lost in lri31 mutant larvae. (G) 
Ratio of 4-way node sub-types in lri26 (HZ-1.4) mutant larvae at 5 dpf. The relative ratio of 

the 4W1N3E node was increased in lri26 mutant larvae. (H) Ratio of 5-way node sub-types 

in lri17 (CD-1.4) mutant larvae at 5 dpf. The relative ratio of the 5W1N4E node is increased 

in lri17 mutant larvae. These data indicate the distribution of node sub-types is regulated in 

part by these mutations. Bars with a shared letter indicate the difference is not statistically 

significant.
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Fig. 5. 
Heat map-based characterization of Class III mutant phenotypes. Heat map skeletal 

representation of the intrahepatic biliary network showing different segment properties in 

wild-type (WT) and recovered mutant larvae belonging to Class III. The colors of the heat 

maps indicate value ranges for each segment property. The hotter the color, the higher the 

value for all heat maps. (A–D) Network volumetric density heat map in WT (A), lri20 
(EJ-3.10) (B), lri27 (IK-1.6) (C) and lri38 (KZ-3.1) (D) mutant larvae at 5 dpf. Purple 

represents less than 12 A.U., dark blue represents 12–24 A.U., light blue represents 24–36 

A.U., green represents 36–48 A.U., yellow represents 48–60 A.U., orange represents 60–72 

A.U., and red represents 72 A.U. and greater. These mutants show increased network density 

in a particular area in the liver not seen in WT. (E–H) Network connection thickness heat 

map in WT (E), lri20 (EJ-3.10) (F), lri27 (IK-1.6) (G) and lri38 (KZ-3.1) (H) mutant larvae 

at 5 dpf. Purple represents less than 1 μm, dark blue represents 1–2 μm, light blue represents 

2–3 μm, green represents 3–4 μm, yellow represents 4–5 μm, orange represents 5–6 μm, and 

red represents 6 μm and greater. Network thickness increased uniformly across the entire 

network in the mutants compared to WT. (I–L) Network connection length heat map in WT 

(I), lri20 (EJ-3.10) (J), lri27 (IK-1.6) (K) and lri38 (KZ-3.1) (L) mutant larvae at 5 dpf. 

Purple represents less than 8 μm, dark blue represents 8–16 μm, light blue represents 16–24 

μm, green represents 24–32 μm, yellow represents 32–40 μm, orange represents 40–48 μm, 

and red represents 48 μm and greater. Distribution of longer connections was only different 

from those in WT larvae in lri27 mutant larvae.
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Fig. 6. 
Biliary epithelial cells segregate from the intrahepatic biliary network in lri31 (IZ-1.6) 
mutant larvae at 5 dpf. (A–C) Projected confocal images of wild-type (A) and lri31 (IZ-1.6) 
mutant (B and C) larvae visualized for Tg(Tp1-MmHbb:EGFP)um14 expressions at 5 dpf. 

Tg(kdrl:RFP_CAAX)y171 expressions are merged in (A'-C'). Yellow-outlined area in B is 

magnified and shown in C. Blue-outlined area in C is magnified and merged with the 

DAPI and GFP co-localization signal in the left bottom corner. Ventral views, anterior 

to the top. In lri31 (IZ-1.6) mutant larvae, single biliary epithelial cells segregate from 

the intrahepatic biliary network and make physical contact with the intrahepatic vascular 

network (White arrowhead in C). DAPI and GFP co-localization assays revealed that six 

BECs are segregated from the main biliary tree in this larva.
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Fig. 7. 
Recovered viable mutants show distinguishable phenotypes in the adult liver. (A-J) 
Projected confocal images of the adult liver visualized for Tg(Tp1-MmHbb: EGFP)um14 

expression in wild-type (A), lri37 (KL-10.6) (B), lri26 (HZ-1.4) (C), lri14 (BJ-1.2) (D), lri13 
(BG-1.2) (E), lri21 (FG-9.3) (F), lri24 (GK-1.4) (G), lri31 (IZ-1.6) (H), lri29 (IL-2.3) (I), 
and lri20 (EJ-3.10) (J) mutant fish. DAPI staining is overlaid in (A'-J'). Cross sections of the 

liver were used. The histology of the liver based on DAPI is significantly altered in lri21 (F'), 

lri24 (G') and lri21 (J'), possibly due to cholestasis. The z-thickness of all projected images 

is 0.42 μm.
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Table 2

Node sub-type distribution in wild-type larvae at 5 dpf.

Node Sub-Type Average Standard Deviation

3W3N0E 31.45% 5.18

3W2N1E 35.74% 8.18

3W1N2E 10.93% 3.02

4W4N0E 4.62% 1.92

4W3N1E 7.60% 2.30

4W2N2E 4.81% 2.17

4W1N3E 0.97% 0.92

5W5N0E 0.57% 0.68

5W4N1E 1.49% 1.03

5W3N2E 1.37% 1.07

5W2N3E 0.75% 0.69

5W1N4E 0.16% 0.32

6W6N0E 0.15% 0.27

6W5N1E 0.23% 0.31

6W4N2E 0.51% 0.59

6W3N3E 0.24% 0.37

6W2N4E 0.13% 0.26

6W1N5E 0.00% 0.00
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